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French summary

Le cancer est l’une des principales causes de mortalité dans le monde, représentant près de

10 millions de décès en 2020. Selon l’Organisation mondiale de la santé, une personne sur

cinq dans le monde développe un cancer au cours de sa vie. Les développements impor-

tants des traitements oncologiques observés ces dernières années ont amélioré les résul-

tats pour les patients atteints de cancer. Bien que ces progrès aient un impact positif, ils ont

augmenté la complexité de la prestation des soins. Pour faire face aux défis posés par cette

complexité, des parcours de soins ont été introduits. Dans la littérature, les parcours de

soins ont été définis comme ń une intervention complexe pour la prise de décision mutuelle

et l’organisation des processus de soins pour un groupe bien défini de patients pendant une

période bien définie ż. Un parcours de soins vise à renforcer la qualité des soins en amélio-

rant les résultats des patients, en augmentant leur satisfaction et en optimisant l’utilisation

des ressources. La littérature fait état de multiples preuves de disparités dans les parcours

de santé et de soins, dont certaines sont dues à des facteurs externes tels que le statut

socio-économique ou le lieu de résidence. Par exemple, le statut socioéconomique, reflété

par le revenu, l’éducation ou la profession, exacerbe les problèmes de santé, y compris le

cancer.

En France, l’Institut national du cancer (INCA) est l’agence d’État pour l’expertise sanitaire

et scientifique en cancérologie, chargée de coordonner les actions de lutte contre le can-

cer. Depuis 2003, l’INCA produit des rapports contenant des recommandations nationales

et des mesures visant à mobiliser les acteurs de santé publique autour de la prévention, du

dépistage, de l’organisation des soins, de la recherche, du soutien aux patients et à leurs
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familles, et de l’après-cancer. À ce jour, trois plans cancer ont été publiés et le dernier cou-

vrait la période 2014-2019. Ce plan est largement focalisé sur les inégalités de prise en

charge en oncologie, avec pour objectifs d’accroître les connaissances sur cette question et

de lutter contre ce problème par des interventions concrètes.

Les données de vie réelle des patients représentent un volume d’informations sans précé-

dent, actuellement sous-exploité. En particulier, en France, la sécurité sociale génère une

grande base de données structurée à des fins administratives : le Système National des

Données de Santé (SNDS). Le SNDS rassemble des données administratives complètes et ac-

tualisées sur 98% de la population française. L’exploitation du SNDS, à des fins de recherche,

est une opportunité exceptionnelle d’élargir le champ de la recherche à l’amélioration des

parcours de soins.

L’objectif de ce travail est d’exploiter les données de vie réelles des patients pour fournir

des mesures et des outils permettant de lutter contre les disparités dans les parcours de

soins en oncologie, en France. Nous avons choisi d’aborder en les disparités géographiques

et socio-démographiques, et nous ne nous sommes pas concentrés sur un site de cancer

spécifique. La principale source de données utilisée a été la base de données du PMSI, pour

accéder aux données des hôpitaux et étudier les parcours de soins des patients. Nous avons

limité l’analyse à l’année 2018, et n’avons pas étudié l’impact de la pandémie de COVID dans

les parcours de soins. Chaquemétrique et outil que nous avons développé au cours de cette

thèse pourra être réutilisé dans d’autres travaux de recherche. Nous avons tout d’abord pro-

posé une caractérisation de chaque centre de soins en France en termes de spécialisation

oncologique. Ce label oncologique aidera les médecins, les patients, les chercheurs ou les

professionnels de la santé publique à mieux évaluer les hôpitaux et leur répartition spa-

tiale dans le pays. Deuxièmement, nous avons calculé un score d’accessibilité à l’oncologie,

pour identifier les zones où les hôpitaux spécialisés en oncologie sont rares. Troisièmement,

nous avons proposé un algorithme d’optimisation pour cibler les hôpitaux qui devraient

être développés en priorité pour améliorer cette accessibilité. Quatrièmement, nous avons

étudié les déplacements des patients entre leur commune de résidence et les hôpitaux qu’ils
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visitent. Nous avons développé un indice de la charge de déplacement pour mesurer non

seulement le déplacement en tant que distance, mais aussi en tant que combinaison de la

distance, de la durée et de la sinuosité de la route. Nous avons également estimé l’empreinte

carbone des déplacements de ces patients et simulé un scénario dans lequel chaque patient

se rendrait au centre spécialisé le plus proche. Nous pensons qu’une plus grande trans-

parence dans les soins oncologiques pourrait bénéficier aux patients et les aider, ainsi que

leur médecin, à trouver l’hôpital le plus adapté situé à une distance raisonnable. Ainsi, nous

avons construit une application web qui répertorie toutes les caractéristiques des hôpitaux,

à la fois à destination des patients et des médecins. Enfin, nous avons développé un algo-

rithme d’allocation basé sur le transport optimal pour diriger les patients vers un hôpital

proche et adapté. Cependant, nous n’avons testé ce modèle que sur des données synthé-

tiques, des recherches supplémentaires sont nécessaires pour l’appliquer à des données

réelles de parcours de soins.
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Chapter 1

Introduction

1.1 Preamble

1.1.1 Cancer epidemiology

Cancer is a leading cause of death worldwide, accounting for nearly 10 million deaths in

2020 [1]. According to the World Heath Organization, one in five people worldwide develop

cancer during their lifetime. The GLOBOCAN 2020 database, produced by the International

Agency for Research on Cancer gives estimates of incidence and mortality for 36 cancers,

worldwide [2]. According to their statistics, the most common new cases of cancer in 2020

were: breast cancer, with 2.26 million cases; lung cancer, with 2.21 million cases; colon and

rectum cancers, with 1.93 million cases; prostate cancer, with 1.41 million cases; skin cancer

(non-melanoma), with 1.20 million cases; and stomach cancer, with 1.09 million cases. The

most common causes of cancer death in 2020 were: lung cancer, with 1.80 million deaths;

colon and rectum cancers, with 916,000 deaths; liver cancer, with 830,000 deaths; stomach

cancer, with 769,000 deaths; and breast cancer with 685,000 deaths (Figure 1.2). Finally,

each year, approximately 400,000 children develop cancer. The most common cancers vary

between countries, but cervical cancer is the most common in 23 countries. The 7 most

common cancers accounted for more than half of all the newly diagnosed cancer cases in
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1.1.3 Risk factors

A risk factor is defined as anything that increases the chance of developing a disease. While

it is not possible to know when one will develop cancer, research shown that certain risk

factors do increase the chances of developing cancer. Some risk factors include expose to

chemicals, or certain behaviors like smoking. Some risk factors cannot be controlled, like age

and family history. The most studied or suspected risk factors for cancer are: age; alcohol;

cancer-causing substances; chronic inflammation; diet; hormones; immunosuppression; in-

fectious agents; obesity; radiation sunlight; and tobacco.

1.1.4 Reducing the cancer burden

Research estimated that between 30% and 50% of cancers can be prevented by avoiding

risk factors and implementing existing evidence-based prevention strategies. The following

recommendations apply to minimize the cancer risk factors: not using tobacco; maintaining

a healthy body weight; eating a healthy diet, including fruit and vegetables; doing physical

activity on a regular basis; avoiding or reducing consumption of alcohol; getting vaccinated

against HPV and hepatitis B if applicable; avoiding ultraviolet radiation exposure and/or us-

ing sun protection measures; ensuring safe and appropriate use of radiation in health care

(for diagnostic and therapeutic purposes); minimizing occupational exposure to ionizing ra-

diation; and reducing exposure to outdoor air pollution and indoor air pollution, including

radon. Moreover, an early detection of cancer and the appropriate treatment and care can

also reduce the cancer burden. As amatter of fact, for many cancers, the probability of being

cured is high with an early diagnosis and the appropriate treatment. When identified early,

the response to treatment is higher, as well as the survival probability. The treatments are

usually less expensive. Significant improvements can be made in the lives of cancer patients

by detecting cancer early and avoiding delays in care.
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1.1.5 Cancer treatments

Every cancer type requires a specific treatment. A proper selection of treatment depends

on both the cancer and the individual being treated. In most cases, the cancer treatment

includes surgery; radiotherapy; and/or systemic therapy such as chemotherapy, hormonal

treatments or targeted biological therapies. The primary goal of the treatment is either to

cure cancer on considerably prolong life. Besides, maintaining a good quality of life is also

important, and can be achieved with psychosocial and spiritual well-being or palliative care

in terminal stages of cancer. We now explain briefly the the most common treatments for

cancer. A comprehensive list with additional informations is available on the National Cancer

Institute website.

• Biomarker testing. Biomarker testing aims at providing information on the individ-

ual’s cancer, by looking for genes, proteins or other substances called biomarkers. As

some biomarkers affect how cancer treatments work, biomarker testing is a way to

choose the most suited treatment. Biomarker testing is an important part of preci-

sion medicine, in which the diagnosis and treatment are tailored to the to the genes,

proteins, and other substances in the patient’s body.

• Chemotherapy. Chemotherapy is a treatment that uses drugs to kill cancer cells. It

aims at stopping or slowing down the growth of cancer cells. Chemotherapy is used to

cure cancer, or ease the symptoms. While chemotherapy could be the only treatment

received by patients, it is often administrated with other cancer treatments, based on

the cancer type, the spread, and the other health problems (called co-morbidities).

Chemotherapy treatment often introduces side effects such as mouth sores, nausea,

hair loss and fatigue, the most common side effect. The induced fatigue is such that

patients should be driven to and from chemotherapy; plan some rest on the day and

the day after receiving it; and receive help for meals and childcare. Chemotherapy can

be received during a hospital stay, at home, or an outpatient stay (no overnight). The

treatment is administered in cycles: a period of chemotherapy treatment followed by

19

https://www.cancer.gov/about-cancer/treatment/types
https://www.cancer.gov/about-cancer/treatment/types


a period of rest.

• Hormone therapy. Hormone therapy slows or stops the growth of cancer that use

hormones to grow, such as some prostate or breast cancers. Similarly to chemother-

apy, hormone therapy is used to treat cancer or reduce its symptoms. Since hormone

therapy interferes with hormones production, side effects may happen and can be

different between men and women. Hormone therapy can be taken at home, in a

doctor’s office or in a hospital.

• Immunotherapy. Immunotherapy is a treatment that that helps the immune system

fight cancer. As part of its normal function, the immune system detects and destroys

abnormal cells and most likely prevents or curbs the growth of many cancers. For in-

stance, immune cells are sometimes found in and around tumors. These cells, called

tumor-infiltrating lymphocytes or TILs, are a sign that the immune system is respond-

ing to the tumor. People whose tumors contain TILs often do better than people whose

tumors don’t contain them. Even though the immune system can prevent or slow can-

cer growth, cancer cells have ways to avoid destruction by the immune system. Im-

munotherapy helps the immune system to better act against cancer. Several types

of immunotherapy are used to treat cancer, including: Immune checkpoint inhibitors,

T-cell transfer therapy, Monoclonal antibodies, Treatment vaccines, Immune system

modulators. Immunotherapy drugs have been approved to treat many types of can-

cer. However, immunotherapy is not yet as widely used as surgery, chemotherapy,

or radiation therapy. Immunotherapy can cause side effects, many of which happen

when the immune system that has been revved-up to act against the cancer also acts

against healthy cells and tissues in your body. You may receive immunotherapy in a

doctor’s office, clinic, or outpatient unit in a hospital.

• Radiation therapy. Radiation therapy, also called radiotherapy is a treatment that

uses high doses of radiations to kill cancer cells and shrink tumors. These radiations

damage the cells DNA, which will eventually stop dividing or die. The cells are not killed
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right away. The treatmentmay last days or weeks before the cells are damaged. At that

point, the cells will keep dying for weeks or months after the treatment ends. Most of

the time, radiotherapy is given with other treatments such as surgery, chemotherapy

and immunotherapy. Radiotherapy may affect nearby healthy cells, thus causing side

effects.

• Cancer surgery. During this procedure, a surgeon removes the cancer from the pa-

tient body. Many types of cancer are treated with surgery, and it works best for solid

tumors that are contained in one area. The surgery procedure can either remove the

whole tumor, or part of it. It can also be used to ease symptoms, by removing tumors

that are causing pain or pressure. The most frequent problems that can happen after

surgery are pain and infection.

1.2 Subject definition

1.2.1 Care pathways

The important developments in oncology treatments seen in the recent years have improved

outcomes for cancer patients. Even though these advances have a positive impact, they in-

creased the complexity in the delivery of care. To face the challenges brought by this com-

plexity, care pathways have been introduced. In the literature, care pathways have been

defined as “a complex intervention for the mutual decision-making and organisation of care

processes for a well-defined group of patients during a well-defined period” [3]. A care path-

way aims at enhancing the quality of care by improving patient outcomes, increase patient

satisfaction and optimizing the use of resources. Even though the adoption of care path-

ways is relatively new for some health services, the concept has long been existing, with first

evidences during the 1950s [4]. In the recent years, care pathways have gained momentum,

with multiple examples of adoption. Advantages of the care pathways include: faster diag-

nosis; greater consistency of care between providers, and better overview for patients; re-
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ducing the risk of errors; and reduction of costs [4]. The expansion of treatment possibilities

can lead to unwarranted variations that could affect the patients outcome. Adopting path-

ways is a way to ensure that all patients receive a consistent treatment, nomatter where they

are treated. Moreover, due to the sophistication of oncology care, most patients are treated

by multi-disciplinary team of care providers, sometimes across different hospital sites. Care

coordination is needed between all these providers, to avoid care gaps and potential errors.

Again, pathways can facilitate the coordination by setting referral points, support data shar-

ing and bring visibility to into treatment decisions made by all the care providers. Pathways

could also benefit patients before they start their treatment, by promoting the appropriate

use of precision oncology. For instance, by making sure that patients are not over or under-

tested, or that the most optimal targeted therapeutic is selected based on the patient condi-

tion. Every process that aims at optimizing an operation should bemonitored to identify and

address under-performing areas. This is applies to care pathways as well. Storing and an-

alyzing data related to treated patients during their patients would allow healthcare teams

to evaluate their operations and optimize their practice patterns. Unwanted care variation

could be quickly discovered and addressed, ultimately preserving patients.

However, due to the growing use of oncology pathways, some challenges have arisen,

notably in the United States. The concerns included the process being used for pathway

development, the administrative burdens on oncology practices of reporting on pathway

adherence, and how to evaluate the true impact of pathway use on patient health outcomes

[5]. As a result, the American Association of Clinical Oncology (ASCO) articulated a set of rec-

ommendations to improve the development of oncology pathways and processes. A total

of 9 recommendations were proposed for clinical pathway development and implementa-

tion in the oncology setting. First, a collaborative and national approach should be pursued

to reduce the administrative burdens associated with the non-managed proliferation of on-

cology care pathways. Second, the process for oncology pathways development should be

consistent and transparent to all stakeholders. Third, the pathways should address the full

spectrum of cancer care. Fourth, The pathways should be updated continuously based on
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scientific knowledge, clinical experience and patient outcomes. Fifth, physicians should be

allowed to easily diverge from pathways when evidence and patient needs dictate. Sixth, on-

cology pathways should be implemented in ways that promote administrative efficiencies

for oncology providers and payers. Seventh, education, research and access to clinical trials

should be promoted to patients during the pathways. Eighth, robust criteria should be de-

veloped to support certifications of oncology pathways. Lastly, research to understand the

impact of pathways on patient outcomes should be supported.

1.2.2 Disparities in care pathways

There are multiple evidences of disparities in health and care pathways in the literature, with

some due to external factors such as socioeconomic status or residence location. Socioe-

conomic status, reflected by income, education or occupation exacerbates health problems,

including cancer [6]. An increase inmortality has been associated with lower socio-economic

status. The cure rates of children with cancer are much higher in high-income countries than

in the low-income ones [7]. Indeed, over 85% of children with cancer in high-income coun-

tries are cured, where only 20% in many low-income countries survive the disease. These

disparities are caused by inadequate skilled workforce and health infrastructure. In colorec-

tal cancer, people from low socioeconomic backgrounds had a higher incidence and mor-

tality compared to other populations [8]. These disparities might result from differences in

exposure to risk factors and limited access to prevention and treatment resources. In breast

cancer, patients with low socioeconomic status experienced poorer survival rates after di-

agnosis due to more advanced cancer stage on presentation and poorer health condition

[9]. Research also suggests that outcome disparities in breast cancer are due to differences

in the quality of screening, diagnosis and treatment [10]. Overall, the outcome for all can-

cer sites combined was higher in poorer countries compared with more affluent countries.

Poorer populations had 13% higher death rates in men, and 3% in women [11]. The rate

difference between high and low socioeconomic populations urges the need for research

into the mechanisms causing these disparities. Priority should be given to interventions
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designed to reduce disparities by focusing on deprived populations since this is where the

absolute differences in survival are [12]. A comprehensive literature review provided a list

of disparities in cardio-oncology [13]. They classified these disparities into 4 social deter-

minants categories: race and ethnicity; healthcare access a and quality; neighborhood and

rurality; and economic stability. First race and ethnicity were shown to have an influence

on outcomes, similarly to what has been discussed earlier. Second, poor healthcare access

is linked to delayed care and worse outcomes. Then rurality was associated to worse out-

comes compared to patients in metropolitan areas. Finally, poor economic stability results

in a higher chance of renouncing to medical care. The research also suggests interventions

to address these disparities, such as targeted policy intervention; increase diversity in clin-

ical trials; increase access to cardio-oncology care; better resource allocation; use of social

media to promote health literacy; and the integration of social determinants of health in

clinical care delivery. Despite all these evidences, it seems that the allocation of healthcare

resources is still mostly going to treat diseases, rather than addressing the predisposing fac-

tors of these inequalities [14].

Finally, gender appears to have an impact on care pathways. For example, men may

have difficulty talking about their symptoms, fearing that it will be perceived as a sign of

weakness; whereas women who require care are more likely to be neglected [15]. Women

with myocardial infarction have a higher mortality rate than men, and this discrepancy ap-

pears to be partially due to delayed diagnosis and access to appropriate care [16]. Similarly,

a pediatric study of kidney transplantation showed that young girls had less rapid access to

transplantation than young boys. This is partly due to non-medical reasons such as parental

and practitioner behavior regarding organ donation [17]. For Head and Neck Cancer (HNC),

research found that women had an increased relative hazard ratio for death versus other

causes compared with men. However, they were less likely to receive intensive chemother-

apy and radiotherapy than men. This might indicate that women in this cohort may be

under-treated in clinical practice and potentially miss the opportunity for their HNC to be

aggressively treated [18]. Lastly, women have been under-represented in clinical trials. Al-
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though enrollment of women has increased over time, it remains lower than the relative

proportion in the disease population [19]. Overall, the gender of the patient could have an

impact on the oncology care pathway. Indeed, several studies show that women’s treatment

for several types of cancers is suboptimal. This would at least partially explain why their

chances of survival from these diseases are lower than those of men [18, 20, 21]. The above

examples suggest that patient survival could be improved by taking gender into consider-

ation in the care pathway. However, at present, gender differences in the oncology care

pathway are barely explored.

1.2.3 Cancer in France

In France, The National Cancer Institute - Institut National du Cancer (INCA) is the State

agency for health and scientific expertise in cancer, responsible for coordinating actions to

fight cancer. Created by the Public Health Law of August 9, 2004, it is placed under the joint

supervision of the Ministry of Solidarity and Health on the one hand, and the Ministry of

Higher Education, Research and Innovation on the other. Since 2003, INCA produces reports

with national recommendations and measures to mobilize public health actors around pre-

vention, screening, organization of care, research, support for patients and their families,

and post-cancer care. These reports are called “cancer plans”, and are supported at the

highest government level in the country by the President. To date, three cancer plans have

been issued, and the last one covered the 2014-2019 period [22]. This plan is largely fo-

cused on inequalities in oncology care, with objectives to increase knowledge on this issue

and address the problem through specified interventions. These inequalities in cancer care

cover multiple dimensions. Some are territorial; others are social and environmental; and

also depend on other factors such as the age of individuals, their sex or their genetic charac-

teristics. Inequalities also exist in access to and use of screening, treatment and therapeutic

innovation. This is reflected in particular in the fact that diagnoses are often made later

for disadvantaged social groups, leading to lower outcomes and more invasive treatments.

Similarly, people with lower incomes or living in deprived communities experience longer

25



delays in entering the healthcare system, or between the different phases of this system.

Understanding where the inequalities are coming from is a required step to propose work-

ing solutions. The report mention that an information system to monitor health inequalities

was lacking and should be developed. Matching socio-demographic databases with cancer

observation and surveillance tools is endorsed by the cancer plan. Moreover, the regional

health agencies should be regularly provided with territorialized data on cancer inequali-

ties. Overall, this last cancer plan provides support for research in cancer inequalities and

population health. The fight against inequalities in cancer care goes far beyond the field

of health. This issue must mobilize actors from the social sector as well as from education

and research. All levels of public action are concerned, from local to national. This public

policy must be built by systematically integrating the point of view and expertise of patients,

especially those from the least privileged social categories. We should develop solutions to

improve their involvement in the processes and approaches of health democracy.

1.2.4 Leveraging medical data in France

SNDS database

Real-life patient data represents an unprecedented and currently underutilized volume of

information, currently under-exploited. In particular, in France, the Social Security generates

a large structured database for administrative purposes: the National Health Data System

- Système National des Données de Santé (SNDS). The SNDS gathers complete and up-to-

date administrative data on 98% of the French population. The exploitation of the SNDS,

for research purposes is an exceptional opportunity to broaden the scope of research in the

improvement of care pathways. Indeed, the substantial number of patients it contains ex-

ceeds the size of all the French cohorts collected in the treatment centers. The SNDS is one

of the largest health databases in the world. It attracts research thanks to its almost com-

plete coverage of the French population, which makes it possible to work on the complete

care pathway of patients. A major challenge for the SNDS is to make these data available to

promote studies, research or evaluations of public interest. The SNDS has been effectively
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used for research on the following topics: information on health and health care supply;

evaluation of health policies; evaluation of health care expenditure; information of health

professionals on their activity; health monitoring and safety; research, studies, evaluation

and innovation in health. The SNDS databases contain notably the following data sources:

health insurance data; hospital admissions data; and medical causes of death; Overall, the

SNDS containsmore than 3,000 variables; an annual flow of 1.2 billion health records; 11mil-

lion hospital stays; 500 million procedures; and 450 TB of data. The SNDS contains notably

the following data: expenditures and reimbursements; prescriptions (drugs); medical de-

vices; usage of other services such as transport; hospital activity and stays; daily allowances

and long-term conditions. The patients characteristics stored in the system are their age,

sex and municipality residence. Patients can be followed throughout their pathways by a

unique identifier. The data in the SNDS are kept for a total of 20 years, then archived for 10

years. However, the SNDS does not contain: clinical examination results such as imaging or

biological data; paraclinical data such as smoking, blood pressure, BMI; medical consultation

reasons; risk factors such as tobacco, alcohol, or nutrition; drugs delivered during hospital

stays; social data.

PMSI database

The Programme de Medicalisation des Systemes d’Information (PMSI) is a database part of

the SNDS, focused on hospital data. It provides a synthetic and standardized description of

the medical activity of almost every hospital in France. The PMSI model was imported from

Boston, MA, from Professor Robert Fetter (Yale University) and the DRG (Diagnosis Related

Groups) models. It was an empirical construction of hospitalization costs based on several

million hospital stays. Initially, in France, it was used only for descriptive purposes, and not

for financial purposes. The PMSIwas gradually extended with experiments in both the public

and private sectors. The purpose of these experiments was to study the feasibility of pricing

based on the PMSI. Since 2005, it has been used for the implementation of activity-based

pricing (T2A), a new system for remunerating hospitals based on their activity. The PMSI
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database is used within 4 pans of the hospital activity: medicine, surgery, and obstetrics

(MCO); psychiatry, follow-up care; and home hospitalization. We restricted all our analyses

to the MCO section.

The PMSIMCO database is populated with data gathered in the hospital. For each stay of

an inpatient, a standardized discharge summary (RSS) is produced. This RSS is produced as

soon as possible after the patient’s discharge. It must contain a main diagnosis, which is the

pathology that motivated the patient’s admission to the medical unit (UM). The RSS can also

contain a related diagnosis, describing the reason for the stay, and associated diagnoses.

The related diagnosis role is to improve the documentary accuracy of the coding. Diagnoses

are coded according to the ICD-10 (International Classification of Diseases and Use of Health

Services No. 10) published by the World Health Organization (WHO) and regularly extended

by the French Ministry of Health. It may also contain technical procedures coded accord-

ing to the CCAM (Common Classification of Medical Procedures). Each care unit during the

stay provides a medical unit summary (RUM) at the patient’s discharge. The RUM contains

data concerning the patient’s stay in a given UM: patient’s date of birth, gender, municipality,

date of entry into the UM, date of discharge and his medical data such as themain diagnosis,

associated diagnoses and procedures With the synthesis of the successive RUMs, the stan-

dardized discharge summary (RSS) is produced for the whole stay. The RSS are anonymized

and then become anonymous discharge summaries (RSA) for transmission to the regional

health agency (ARS).

1.3 Objectives and contributions of the thesis

1.3.1 Objectives

The objectives of this work is to leverage the real-life patient data to provide metrics and

tools to address the disparities in oncology care pathways, in France. We chose to address

the geographic and socio-demographic disparities first, and we did not focus on a specific

cancer site. The principal data source used was the PMSI database, to access hospitals data
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and study the patients care pathways. We restricted the analysis to the year 2018, and did

not study the impact of COVID pandemic in the care pathways. Every metric and tool that

we developed during this thesis will be available for reuse in other research works.

1.3.2 Organization of the thesis

The following paragraphs describe the chapters of this thesis. First, we proposed a character-

ization of every care center is France in terms of oncology specialization. This oncology label

will help physicians, patients, researchers or public health professionals to better evaluate

the hospitals and their spatial distribution in the country. Second, we computed an oncology

accessibility score, to identify areas where oncology dedicated hospitals are scarce. Third,

we proposed an optimization algorithm to target the hospitals that should be developed in

priority to improve the oncology accessibility. Fourth, we studied the patients travel from

their municipalities of residence to the hospitals they visit. We developed a travel burden

index to not only measure travel as a distance, but as a combination of distance, duration,

and road sinuosity. We also estimated the carbon footprint of these patients travel, and sim-

ulated a scenario where every patient would travel to the nearest specialized center. Fifth,

we argued that more transparency in oncology care could benefit patients and help them

and their physician to find the most suited hospital located in a reasonable distance. We

built a web application that lists all the hospitals characteristics, for both patients and physi-

cians. Finally, we developed an allocation algorithm based on Optimal Transport to address

patients to a nearby and suited hospital. However we only tested this model on synthetic

data, more research is needed to bring it to actual pathways data.

Care center characterization

Countries, such as the UK, USA and Canada, have been implementing a policy of centralizing

the care of patients for many specialized services [23]. With such policy, patients are directed

to a limited number of hospitals with higher volumes and more specialized surgeons. There

is evidence that this process will have a positive impact on the health outcomes of those
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patients treated in these specialized centres. For instance, centralized care is beneficial for

patients undergoing high-risk procedures, these surgeries have lower mortality rates when

performed by high-volume surgeons [24, 25, 26, 27, 28]. A centralized service for ovarian

cancer may lead to better survival outcomes; evidence from various other sources suggests

that this may also be more cost-effective [29]. With the rural exodus, the sparsely popu-

lated areas expanded, and several hospitals are serving relatively small populations. As a

result, surgeons operating in these facilities are managing fewer cases of a given disease.

For instance, in the South West of England, surgeons treating epithelial ovarian cancer were

managing fewer than ten cases of ovarian cancer per year. There is a need to maintain a

critical volume of work in order to sustain surgical expertise [30].

Through all these evidences, it is clear that not all the hospitals are equal for cancer treat-

ment. In France, there are many hospitals that do not have the same degree of oncology

specialization. Hospitals are classified into different legal categories like public hospitals or

private structures, but there is no indicator to assess the degree of oncology specialization

and how large the hospital is. In this chapter, we first proposed a method to automati-

cally label all the hospitals in metropolitan France, based on their statistics and available

health services. Lastly, we studied the collaborations between the hospitals, based on pa-

tients who visited multiple hospitals during their pathways. Through community detection

algorithms, we grouped hospitals that frequently exchange patients together. By adding the

oncology specialization label within the discovered communities, we believe we can propose

new hospital groups that are based on patient real-life data, to improve collaborations and

ultimately benefit the patients. In this chapter, we first proposed a method to automatically

label all the hospitals in metropolitan France, based on their statistics and available health

services. Lastly, we studied the collaborations between the hospitals, based on patients who

visited multiple hospitals during their pathways. Through community detection algorithms,

we grouped hospitals that frequently exchange patients together. By adding the oncology

specialization label within the discovered communities, we believe we can propose new hos-

pital groups that are based on patient real-life data, to improve collaborations and ultimately
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benefit the patients.

Accessibility score

While a lot of the ongoing research is focusing on finding new cancer treatments, accessibil-

ity to oncology care receives less attention. Accessibility refers to the relative ease by which

services can be reached from a given location [31]. Accessibility can be defined by spatial

factors, determined by where you are; and non-spatial factors, determined by who you are

[32]. In what follows, we restrict accessibility to Spatial Accessibility (SA) and use both terms

interchangeably. SA methods assess the availability of supply locations from demand loca-

tions, connected by a travel impedance metric. Supply locations are characterized by their

capacity or quantity of available resource. Similarly, demand locations are characterized by

their population. Such methods have been successfully used to measure access to health-

care, such as primary care [33] or oncology care [31, 34, 35] in several countries including

France [36, 37, 38]. When measuring accessibility for healthcare, the supply locations are of-

ten physicians locations, whose capacity might be the number of physicians at that location.

Population locations represent where patients live. This could be the precise address or a

municipality. However, while accessibility to primary care have been described in several

studies, there is little work that focused on oncology care specifically. In what follows, we

applied SA methods to quantify the accessibility the oncology care in metropolitan France.

Intuitively, we compute a score for every municipality that measures how easy it would be

for patients living in a given municipality to reach oncology care.

In what follows, we applied SA methods to quantify the accessibility the oncology care in

metropolitan France. Intuitively, we compute a score for every municipality that measures

how easy it would be for patients living in a given municipality to reach oncology care.

Accessibility optimization

Uneven distributions of population and health-care providers lead to geographic disparity

in accessibility for patients [39], illustrated by our previous results on accessibility. Several
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methods have been developed to address these disparities. Location-allocation algorithms

[40] can optimize the distribution and supply of health providers to reduce accessibility dis-

parities. These algorithms seek the optimal placement of facilities for a desirable objective

under certain constraints [31]. For instance, an optimization algorithm was developed to

improve the healthcare planning in rural China by finding the best place and capacity for

new health facilities [41]. A spatial optimization model was designed to maximize equity in

accessibility to residential care facility in Beijing, China [42]. When optimizing health acces-

sibility, there are two competing goals: equity and efficiency [43, 44]. Equity may be defined

as equal access to healthcare for everyone [45]. An efficient situation is when everything

has been done to help any person without harming anyone else [46]. While some argue

that efficiency should be ad-dressed in priority [46], others agree that equity is a matter of

ethical obligation, especially in public health [47, 48]. Regarding efficiency optimization, the

most popular algorithms are p-median, Location Set Covering Problem (LSCP) andMaximum

Covering Location Problem (MCLP). The p-median algorithmminimizes the weighted sum of

distances between users and facilities [49]. LSCP minimizes the number of facilities needed

to cover all demand [50]. LSCP maximizes the demand covered within a desired distance

or time threshold by locating a given number of facilities [51]. To reach equal access to

healthcare, quadratic programming has been used to minimize the variance of accessibility

scores defined by the Two Step Floating Catchment Area (2SFCA) [52]. Similarly, a Particle

Swarm Optimization (PSO) algorithm was developed to minimize the total square difference

between the accessibility score of each demand location and the weighted average accessi-

bility score [42]. Finally, a two-step optimization algorithm has been developed to address

the dual objectives of efficiency and equality, by first choosing where to site new hospitals

and then deciding which capacity they should have [53, 54].

However, most of the previous algorithms seek locations to open new health facilities.

Regarding oncology care, opening new facilities can be very costly and hard in practice. In

this work, we are interested in the case where the health facilities locations are fixed, and

the only lever to improve accessibility is to increase their capacities.Given a capacity bud-
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get, we want to know which facilities to grow and by how much. We introduce CAMION,

an accessibility optimization algorithm based on Floating Catchment Area (FCA) and Linear

Programming (LP). The initial accessibility score was computed with the Enhanced Two Step

Floating Catchment Area (E2SFCA) algorithm [55] but our algorithm can generalize to more

FCA derivatives. In the following sections, we proposed two approaches for optimizing the

accessibility scores. The first one is an overall optimization, where we seek to maximize the

total accessibility. The second one is a maxi-min optimization, where we want to maximize

the minimum accessibility instead. The first approach could be seen as efficiency maximiza-

tion where the second method aims towards equity. Then, we embedded our results and

algorithms into a web application called “oncology-accessibility”. Through this web applica-

tion, we let the users run the optimization algorithm with the parameters they want, and

visualize the output on interactive maps and figures. We believe such an app could benefit

the healthcare professionals, to help addressing the accessibility disparities in the country.

Patients routes

Cancer treatment delay is a problem in health systems worldwide, increasing mortality for

many types of cancers [56], including breast cancer [57, 58, 59]. Distance between patients

residence and diagnosing hospitals is among the factors causing these delays, especially for

cancer types that are hard to diagnose [60]. While accessibility to healthcare is growing, re-

search found that 8.9% of the global population (646 million people) could not reach health-

care within one hour if they had access to motorized transport [61]. Thus, a non insignificant

part of the population might be exposed to lower prognosis.

The benefits of centralized healthcare have been debated. A centralized approach often

requires patients to travel far away from their home and their local community hospitals

[29]. Patients subject to longer travels to reach a specialized hospital are likely to be af-

fected by the travel burden and separation from their social environment [62]. In the debate

between local versus centralized healthcare provision, there are evidence of an association

between travel distance and health outcomes [23]. Unsurprisingly, travel to cancer treat-
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ment is inconvenient for some patients and might even act as a barrier to treatment [62].

Research also showed that patients who lived far from hospitals and had to travel more than

50 miles had a more advanced stage at diagnosis, lower adherence to encoded treatments,

a worse prognosis, and a worse quality of life [63]. More research linked travel burden with

lower treatment compliance [64, 65]. The distance from the hospital influences the choice

of appropriate treatment by cancer patients. In breast cancer, patients living farther from

a radiation treatment facility more often underwent mastectomy instead of breast conser-

vative surgery [66, 67, 68, 69, 70, 71] or did not undergo radiotherapy after breast cancer

surgery [72, 66, 67]. In non small cell lung cancer, patients were most likely to not undergo

potentially curative surgery if they lived far from a specialist hospital and only attended a

general hospital for their care [73]. Moreover, the necessity for repeated visits for cancer

diagnosis and treatment makes distance an even more important issue for the patient[65].

However, for hard to diagnose cancer type like rectum or testis cancers, distance was as-

sociated with decreasing odds of advanced disease stage [74]. This is possibly due to being

treated in more specialized hospitals. The negative effects of centralized healthcare are even

more pronounced for patients living in rural areas. Indeed, rural cancer patients face more

challenges in receiving care, due to the limited availability of providers and clinical trials,

as well as transportation barriers and financial issues [75]. There are evidence of poorer

treatments and outcomes for patients living in rural areas. For instance, in Australia, poorer

survival and variations in clinical management have been reported for breast cancer women

living in non metropolitan areas [76]. Still in Australia, breast cancer women treated in a

rural hospital had a reduced likelihood of breast conservative surgery [77]. The hazard of

death from ovarian cancer was greater in women treated at a public general hospital than

in women treated at a gynecological oncology service [78]. Contacting a provincial hospital

instead of a university hospital might lead to diagnosis and treatment delays, which could

be improved by a better referral system [79]. In Australia, patients living farther from a ra-

diotherapy service were more likely to die of rectal cancer, with a 6% risk increase for each

additional 100km [80]. In Rwanda, rural breast cancer patients who lived in the same dis-
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trict as breast cancer hospitals had a decreased likelihood of system delay [59]. In Canada,

place of residence seems to influence health outcomes in patients with diffuse large B-cell

lymphoma [81]. They found that rural and metropolitan patients had similar survival; how-

ever, patients in small and medium urban areas experienced worse outcomes than those

in metropolitan areas. Thus, rural culture might have a dual effect on health outcomes. On

one hand, distance, transportation, and health services shortage are barriers to healthcare.

On the other hand, rural culture comes with community belonging, and deeper relationship

with health care professionals, which might be beneficial for some patients [82].

Additionally to having a negative impact on patients health, longer travels participate

in global warming due to their Carbon dioxide (CO2) emissions. The World Health Organi-

zation called climate change the greatest threat to global health in the 21st century, sig-

nificantly affecting hundreds of millions of people [83]. The United Nations created the

Intergovernmental Panel on Climate Change (IPCC) to assess the science related to climate

change and provide governments with scientific information that they can use to develop

climate policies. The health care sector is an important contributor to CO2 emissions. An in-

ternational comparison of health care carbon footprints showed that, on average, the health

carbon footprint in 2014 constituted 5.5% of the total national carbon footprint [84]. Hence,

the health sector has a responsibility to take climate action [85]. Especially since the Paris

Agreement, where countries agreed to cut Greenhouse Gas (GHG) emissions to keep global

warming below 2 degrees Celsius. Today, hospitals are powered by fossile energy such as

coal, oil and gas. Healthcare related travels, and the manufacture and transport of health-

care products are also major causes of GHG emissions. Ultimately, all health systems will

need to reach near zero emissions by 2050, which can be more cost effective than business

as usual. The Lancet Countdown on health and climate change started to review annually the

relation between health and climate change [86]. A large share of these carbon emissions is

due to patients journeys [87, 88] because most patients travel by car [89]. With centraliza-

tion of care, patients are encouraged to be treated in large hospitals for better outcome [90].

Such hospitals are in urban areas, and the populations living in rural areas will have to travel
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longer to reach these centers, resulting in higher carbon emissions. In France, few studies

have evaluated the ecological impact of cancer care [91]. The Shift Project is a French think

tank that works towards a carbon-free economy. As a non-profit organization, they inform

and influence the debate on the energy transition. In 2021, the Shift Project released a re-

port on how to decarbonize the health care sector in France [92]. They identified that most

of the GHG emissions were scope 3 emissions, which are indirect emissions that occur in the

hospitals value chain. Among these emissions, the largest source are pharmaceuticals and

medical device buying, followed by patients and visitors transportation. The Shift Project

states that emissions related to transportation should be cut by 99%, through measures

like increasing public transportation and telemedicine. Telemedicine includes all medical

practices that allow patients to be treated remotely from a health facility. It has been used

increasingly around the world, even in oncology where it is sometimes referred as teleoncol-

ogy [93, 94, 95, 96]. Teleoncology models have been used to provide access to specialized

cancer care for people in rural, remote and other disadvantaged areas, which minimizes

the access difficulties and disparities [97, 94]. Teleoncology models can also be beneficial

in training medical, nursing, and allied health trainees and staff at rural centers [96]. Re-

search reported multiple benefits of telemedicine at every level of care, including education,

prevention, diagnosis, treatment, and monitoring [98]. However, besides the expected ben-

efits, several questions and fears are emerging [98]. First, there is a risk of patient isolation,

due to the absence of in-person meeting. It is also more difficult to build an atmosphere of

trust during remote consultations and the examinations might be of inferior quality. Finally,

digital divide is a major limitation of e-health, as certain categories of patients do not have

access to the internet or to a smartphone.

In this chapter, we analyzed the travels of cancer patients in metropolitan France. Our

goal was to assess whether the earlier observations on the negative effects of centralization

of care were happening in France. Hence, we first described the travel duration distribution

in metropolitan France, and compared it with the population densities and the oncology

specialization of the visited hospital. Then, we argued that the negative effects of travel on
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cancer patients was not only due to driving distance and duration: the road sinuosity should

also be taken into account. We proposed a travel burden index, which is a composite indi-

cator based on multiple variables to evaluate how easy it is to go from a population location

to an hospital. Additionally, we estimated the carbon footprint of cancer patients travels,

and compared these numbers across the different regions. Finally, we ran an optimization

algorithm to simulate the scenario where every patient traveled to the closest hospital, such

that the hospitals capacities were not exceeded. We only considered Breast Cancer patients

as this cancer is relatively frequent, and many hospitals have the required expertise.

Transparent healthcare

Over the past few years, there has been a massive change in the way we communicate and

interact with information. The amount of data and content available to the public keeps

increasing, as well as the number of information delivery platforms. Studies define this

phenomenon as “the communications revolution” [99]. Smartphones democratization and

adoption rate are partly responsible for this revolution. Indeed, a large and growing number

of people own a smartphone, enabling them to access information anytime and anywhere.

Through this, there has been a change in how people access and use information. With the

increasing number of media sources, mass audience is now split into smaller groups who

share common characteristics and interests. Also, the growth of online audience is now far

outpacing the other media. As a benefit of this communication revolution, it is getting easier

to access resources online, even technical resources such as technical reports and scientific

articles. While these materials may not always be intended for a mainstream audience, their

availability offers opportunities for access and interpretation by different groups.

The healthcare sector is no exception in this revolution, and health resources are in-

creasingly available online [100, 99], changing how patients interact with health providers.

Communication has been found to play a central role in cancer prevention and control. It

can provide information on cancer prevention, monitor lifestyles and health behaviors, pro-

mote participatory decision making during cancer detection, diagnosis, and treatment, and
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foster quality of life during survivorship or end of life [99]. When diagnosed with cancer pa-

tients and their family members lives change radically. They receive treatments and have to

make choices with serious consequences. Such diseases and treatments are complex, but

should be understood before decisions aremade. Patients and their family members should

be provided with intelligible and up to date information on the stage of disease, treatment

options and complementary therapies [101, 102]. Multiple benefits of bringing more infor-

mation to the patients have been reported. Involving cancer patients in decision-making on

their pathways improves their satisfaction and quality of life, compliance with treatment and

their ability to manage symptoms [103, 104, 105, 106, 107, 108, 109, 100]. Moreover, med-

ically related education interventions are most effective when they are tailored to patients’

individual needs, especially for cancer patients [109]. Through all these benefits, it is clear

that monitoring patient information seeking experiences over time is important [110].

As a matter of fact, patients are often seeking information during their pathways. In

the United States of America, a survey from the Health Information National Trends (HINTS)

[111] measured online health activities, levels of trust, and source preference for 6,369 peo-

ple. They observed that physicians remained themost trusted source of information, despite

an increasing number of people looking for information online. However, there is increas-

ing evidence in the literature that patients are often not satisfied with the information they

received. Some reported to lack information on their disease and its consequences [106],

while others forget or misunderstand the information conveyed [112, 113]. The interaction

with their physician has also been cited as a major cause of dissatisfaction [114, 115] at all

stages of illness [116]. Patients reported insufficient time spent on communication during

the clinical encounter and physicians inability to keep up with the most current information

and advances in cancer care [117]. Some patients reported incorrect diagnosis, or not receiv-

ing the most up-to-date cancer information from their physician, especially for rare cancers

[118]. Patients who need health information but experience difficulties have been found at

risk of experiencing poorer psychosocial health [119]. A Canadian study surveyed patients

attending appointments at follow-up cancer clinics in Calgary, Alberta [107] between 2011

38



and 2012. They approached 648 patients and obtained responses from 411 one of them.

The study aimed at: identifying information needs of patients when meeting their physician

for a follow-up; listing patients preferences on how to receive information. Here are the re-

sults they gathered regarding information seeking patterns. The most frequently reported

source of information was the Internet (57.4%); health provider (32.6%), brochures or pam-

phlets (25.1%), and cancer organizations (24.3%). The most frequently reported types of

information sought included information about a specific type of cancer (43.1%), treatment

or cures for cancer (29.4%), prognosis or recovery from cancer (29.0%), and prevention of

cancer (27.0%). The least frequently reported types of cancer information sought included

where to get medical care (3.4%), paying for medical care or insurance (4.6%), and cancer

organizations (5.4%). Regarding trust, the physician or health care provider was largely the

most trusted source of information, followed by Internet, and family and friends. The least

trusted sources of information included radio, newspaper, and television. More evidence is

reported on the use of the internet for health information retrieval [120, 121, 122, 118]. For

instance, an online questionnaire was administered to participants of cancer-related com-

munities hosted by the Association of Cancer Online Resources (ACOR) [118]. As a result,

488 participants shared their personal experiences on why and how they accessed online

health resources. Participants who experienced a lack of informational support related to

procedures found blogs and testimonies online that helped them to know what to expect

from a physical and emotional perspective. Moreover, for rare diseases, physicians might

actually benefit from patients looking from additional information online, as it could bring

additional knowledge to them, and even change their plans for care. Aware patients can also

challenge their physicians by asking meaningful questions and participate in the tailoring of

their treatment plans. Finally, online communities allowed patients to identify physicians

with a proven track record in cancer care. They endorsed care providers who took the time

to answer questions, as well as specialists from major cancer centers, that brought superior

care which led to better outcome. Indeed, General Practitioner (GP) play a crucial role in

early cancer detection because the majority of cancer patients initially consult their GP with
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symptoms. Therefore, the actions taken by the GP upon the patient’s symptom presentation

may considerably affect the cancer trajectory [60]. To sum up, the increased usage of the

Internet by cancer patients puts new demands on health care professionals. Patients need

advice about how to find reliable and credible web sites and also help with authenticating

and interpreting the information they find [123].

While patients are looking for informations on their symptoms, diseases and treatments,

it would be crucial for them to know better about their physician’s ability, especially for can-

cer surgery. In cancer care, surgery is one of themost important part of the treatment, and is

directly linked to the surgeon ability. Surgeon and hospital-related factors have been found

to be direct predictors of outcome in colorectal cancer surgery [124, 125]. In breast can-

cer, patients managed by high-volume surgeons were more likely to have breast-conserving

surgery (BCS) than those managed by low-volume surgeons [126]. Moreover, breast can-

cer patients who receive treatment from experienced and specialized surgeons are more

likely to receive the standard sentinel lymph node biopsy [127]. The surgeon’s expertise and

learning curve is directly related to the patient’s outcome [128]. A low surgeon or hospital

caseloadmay be compensated by intensified supervision or by improved training and teach-

ing [125]. From all these findings, it is questioned whether surgeons should have an ethical

obligation to inform patients of their surgical volume and outcomes [129]. One way to mon-

itor the surgeons abilities is the use of quality indicators, which have been developed in high

income countries and contributed to improved quality of care and patient outcomes over

time [130]. With these evidences of healthcare information needs, we developed Healthcare

Network, a web application that lists every hospital in France, and displays key statistics on

them. The application is directed to either health professionals or patients. Health profes-

sionals might use it to gain insights about specific hospitals, and look for the best place to

send their patients when they lack expertise. Patients could learn more about the hospital

they have been sent to, check the care quality or surgery volume.
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Sinkhorn Matrix factorization with Capacity constraints

In a very broad range of applications –many of them being led by e-commerce leaders (Ama-

zon [131], Netflix [132]) – recommendation algorithms have been increasingly used over the

past decade. These algorithms are capable of showing users a personalized selection of

items they may like, based on their interests and user behavior.

Up to now, the predictions are built upon user-item affinity scores (e.g., user/movie rat-

ings) which are obtained from high-dimensional embeddings of items and users. While

these approaches work for most e-commerce applications, there are other natural settings

in which more attributes should be considered in the recommendation process. For in-

stance, item capacity constraints are of paramount importance in location or route recom-

mendation, where recommending the same item to every user could lead to congestion

and significantly deteriorate user experience [133]. Moreover, in the case of location rec-

ommendation, travel distance is also a key factor: the user’s choice is often the result of a

trade-off between affinity and proximity [134]. In the healthcare sector, patients are usu-

ally addressed to an hospital by their general practitioner – or by word of mouth. Since the

choice of hospital and practitioner may be critical, an important issue is to make sure that

patients are routed to the best place possible – namely to a nearby and adapted structure,

without capacity saturation. Benefits of such systems have been documented in the liter-

ature. For instance, an application similar to Google Maps for guiding patients to different

care centers in a multi-site hospital reduced patient travel time [135]. Another research pro-

posed a method to select the optimal care center using several criteria such as geographic

accessibility and service quality. In particular, transportation networks such as high-speed

lines and highways are taken into account in the center selection [136].

In this work, we study the recommendation problem in the setting where affinities be-

tween users and items are based both on their embeddings embeddings in a latent space

and on their geographical distance in their underlying euclidean space (e.g., R2), together

with item capacity constraints. Upon the observation of an optimal allocation, user embed-

dings, items capacities, and their positions in the euclidean space, our aim is to recover item
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embeddings in the latent space; doing so, we are then able to use this estimate e.g. in order

to predict future allocations. Our contributions are as follows:

(i) we propose an algorithm based on matrix factorization enhanced with optimal trans-

port steps to model user-item affinities and learn item embeddings from observed

data;

(ii) we then illustrate and discuss the results of such an approach for hospital recommen-

dation on synthetic data.

After reviewing related work, we formally define the problem in mathematical terms,

we describe our algorithm for SiMCa and give theoretical guarantees on its convergence.

We then illustrate our method for the hospital recommendation problem on synthetic data,

discussing the results as well as the choice of parameters.
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Chapter 2

Care centers characterization

This chapter is part of a research article currently under submission. The-preprint is available

on medrXiv.

2.1 Methods

2.1.1 Labelling hospitals by oncology specialization

Data collection

In this section, we detail how we gathered the data collection process to run our method.

We first needed health data to characterize the care centers. Then, geographical and socio-

demographic data was used to obtain information on the population locations. Health

data is collected from two sources: the PMSI and the Statistiques Annuelles des Etablisse-

ments (SAE) databases. The PMSI database is includes discharge summaries for all inpatients

admitted to public and private hospitals in France. The SAE database is a compulsory and

exhaustive administrative survey of all public and private hospitals in France. The survey is

sent every year and describes the activities of the hospitals as well as the list of services and

activities they provide. The list of hospitals in France is available in the PMSI database and

updated yearly. There were 5,148 hospitals in 2018. To obtain statistics on these care cen-
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ters, we use the SAE database. There are more than 50 tables in the SAE. Only four tables

were necessary. We start with the table “filtre” (n=4,041 hospitals) that gathers the general

information about the hospital and the list of services it has. Then we use the “mco” table

(n=1,650 hospitals) which contains statistics on care centers with medical surgery or ob-

stetric activity. The table “cancero” (997 hospitals) gathers statistics about oncology activity.

Finally, the table “blocs” (1,057 hospitals) gathers information about surgery room activity.

We merge the care centers dataset extracted from the PMSI with the SAE tables. “finess”,

“filtre” and “mco” are merged with an inner join. This operation will remove care centers that

do not declare MCO activity in the SAE. The tables “cancero” and “blocs” are merged with a

left join, so that care center with no oncology or surgery activity could remain in the dataset.

The missing values were filled with 0. The final merged dataset has 1,588 care centers.

Metropolitan France is divided into 13 regions, 96 departments, and around 35,000 mu-

nicipalities. The number of municipalities changes each year but is roughly stable. Statistics

on municipalities are publicly available on various governmental open data platforms. Mu-

nicipalities and their census statistics are extracted from the Institut national de la statistique

et des etudes economiques (INSEE) website. The most up to date data was released in 2021:

population data is from 2017 and 2012, socio-demographic data is from 2018. Municipalities

latitude and longitude coordinates are retrieved from La Poste open data platform. In the

PMSI database, municipalities with small population are merged into “geographic codes”,

an aggregation of one or more municipalities. The list of the geographic codes and the

municipalities they are linked with are retrieved from the PMSI database. We merge the

INSEE dataset with coordinates extracted from La Poste and the geographic codes corre-

spondence. After merging these tables, the final dataset comprises 13 regions, 96 depart-

ments, 34,877 municipalities and 5,608 geographic codes. Figure 2.1 summarizes the data

sources we cited previously.
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Figure 2.1: Data sources used to characterize the hospitals. We retrieved health data

from the Statistiques Annuelles des Etablissements (SAE) and the Programme de Medicali-

sation des Systemes d’Information (PMSI) databases to characterize the care centers. Then,

geographical and socio-demographic data was downloaded from the Institut national de la

statistique et des etudes economiques (INSEE) open data platform.

Variable selection

After the previous merge on the SAE health data, we had more than 200 variables for every

care center. We selected a list of 24 variables with the help ofmedical experts. The list of vari-

ables and their description are listed in Table 2.1. The variables are either binary when they

encode the presence or absence of a service; or continuous when they encode the number

of stays. Among the included variables were the number of medical, surgery and obstet-

ric stays; the radiotherapy, chemotherapy, cancer surgery activity and whether the hospital

had a dedicated oncology service; the presence of services like palliative care, chronic pain,

intensive care, chronic pain; the number of beds; the number of operating rooms. Even

though the “cancero” table gives us the number of stays related to oncology, we created a
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new variable to encode the oncology activity of a care center. Indeed, the number of stays for

radiotherapy or chemotherapy is usually much higher than the number or surgery stays, re-

sulting in an over-representation of these activities compared to surgery. The “cancero” table

gives us the number of patients and the number of stays with radiotherapy and chemother-

apy per care center. We subtracted the number of radiotherapy and chemotherapy stays

from the number of oncology stays. We named this variable “cancero_nb_stays_chirmed”.

Then we added to this the number of chemotherapy and radiotherapy patients, resulting in

a new variable that we refer as “oncology_activity”. Finally, log transformation is applied to

continuous data and standard scaling (0 mean and unit variance) on every variable.

SAE table Variable name Variable definition Distribution

filtre chirambu Outpatient surgery activity Binary
filtre chimio Chemotherapy activity Binary
filtre rth Radiotherapy activity Binary
filtre bloc Surgery activity Binary
filtre bio Medical biology or anatomopathological activity Binary
filtre rea Intensive care unit Binary
filtre medic Medication circuit Binary
filtre douleur Chronic pain Binary
filtre palia Palliative care Binary
filtre chircancer Cancer surgery Binary
MCO sejhc_med Number of inpatient medical stays Continuous
MCO sejhc_chi Number of inpatient surgery stays Continuous
MCO sejhp_med Number of outpatient medical stays Continuous
MCO sejhp_chi Number of outpatient surgery stays Continuous
MCO lit_mco Number of MCO beds Continuous
blocs salchir Number of surgery operating rooms Continuous
blocs salambu Operating rooms dedicated to outpatient surgery Continuous
cancero cancero_A1 Use chemotherapy for cancer treatment Binary
cancero cancero_A2 Use radiotherapy for cancer treatment Binary
cancero cancero_A3 Has an oncology dedicated unit Binary
cancero cancero_A11 Number of patients treated with chemotherapy Continuous
cancero cancero_A17 Number of patients treated with radiotherapy Continuous
- cancero_nb_stays_chirmed Number of oncology medical or surgery stays Continuous
- cancero_activity Oncology activity Continuous

Table 2.1: List of the variables used for clustering, and their definitions. All the variables

except cancero_nb_stays_chirmed and cancero_activity are coming from SAE. The variables

are either binary or continuous. Oncology activity is the sum of cancero_nb_stays_chirmed,

cancero_17 and cancero_A11.
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Principal Component Analysis (PCA)

PCA is dimensionality-reduction method. It is used to reduce the dimensionality of large

data sets, by transforming a large set of variables into a smaller one. The new dataset still

contains most of the information in the large set. Dimensionality reduction trades accu-

racy for simplicity and has multiple ad- vantages. First, dimensionality reduction removes

redundant and highly correlated features. Then training statistical models on reduced data

is easier and less computationally expensive. Moreover, dimensionality reduction makes it

possible to visualize large dimensional data. In practice, PCA projects the original data onto

new directions, referred as components. Each component explains some of the variance

from the original dataset. Keeping the n components with maximum variance and dropping

the other ones performs the actual dimensionality reduction. We call “explained variance”

the sum of the variance explained by the components kept. PCA is relatively easy to inter-

pret, as each component is a linear combination of the input variables. The contributions

of each input variable to the PCA components are called loading scores. We apply the PCA

algorithm to the SAE dataset that describes the care centers. We used Python’s scikit-learn

[137] implementation of the PCA, since it’s very well documented and maintained. The input

data has 24 variables, and we perform a dimensionality reduction with n = 2 components,

explaining 63% of the total variance. We tried different number of components, from 2 to 5,

but we found 2 gave good and easy to interpret results.

2.1.2 Clustering

Clustering is the task of grouping data points in such a way that points in the same group are

closer to each other than to those in other groups. It is an unsupervised Machine Learning

algorithm and does not need labelled data to train on. There are different types of clustering

methods and different algorithms. Hard clustering is when each point belongs to a cluster

or not. Soft clustering is when each point belongs to each cluster to a certain degree. There

are many clustering algorithms, surveyed in [138]. We want to run a clustering algorithm on

the PCA reduced dataset to automatically isolate care centers with similar statistics. We tried
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several algorithms, and, in our case, Spectral Clustering [139] worked best.

Spectral Clustering [139] helps us overcome twomajor problems in clustering: one being

the shape of the cluster and the other is determining the cluster centroid. K-means algo-

rithm generally assumes that the clusters are spherical or round. In spectral, the clusters

do not follow a fixed shape or pattern. We now explain more formally how spectral clus-

tering works. Consider a set of data points x1, ..., xn and some notion of similarity sij ≥ 0

between all pairs of data points xi and xj . The intuitive goal of clustering is to divide the

data points into several groups such that points in the same group are similar and points in

different groups are dissimilar to each other. We represent the data is in form of the sim-

ilarity graph G = (V,E), where each vertex vi in this graph corresponds to a data point xi.

Two vertices xi and xj are connected if the similarity sij between them is positive or larger

than a certain threshold, and the edge is weighted by sij. The problem of clustering can be

reformulated as such: find a partition of the graph such that the edges between different

groups have very low weights, and the edges within a group have high weights. The input

of the spectral clustering algorithm are the similarity matrix S ∈ R
n×n and the number of

clusters k to construct. From the similarity matrix, we compute the weighted adjacency ma-

trix W = (wij)i,j=1,...,n, where wij is the weight carried by the edge between two vertices xi

and xj . If the two vertices are not connected, wij = 0. The degree di of a vertex vi ∈ V is

defined as the sum of all its related weights wij . The degree matrix D is the diagonal matrix

with degrees d1, ..., dn on the diagonal. From the W and D matrices, we compute the un-

normalized Laplacian L = D −W . Then, we compute the first k eigenvectors u1, ..., uk of L,

and let U ∈ R
n×k be the matrix containing the eigenvectors as columns. Then, let yi ∈ R

k be

the vector corresponding to the i-th row of U . Cluster the points (yi)i=1,...,n with the k-means

algorithm into clusters C1, ..., Ck. Again, we used Python’s scikit-learn Machine Learning li-

brary [137], which implemented the spectral clustering algorithm. The parameters were left

as default. Hence, the affinity matrix was computed using a radial basis function kernel:

exp(d(X,X)2) with X the input matrix and d(X,X) the euclidean distance. Regarding the

number k of clusters, we tried various values from 2 to 10 and manually interpreted the
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results with medical experts. We found that 8 clusters gave the most interpretable groups.

2.1.3 Grouping hospitals based on their collaborations

We are now interested in clustering the hospitals based on patients transfers. We call co-

occurrence between two hospitals the number of patients that visited these two hospitals

during its care pathway. The larger the co-occurrence number is, the more collaboration

there is between the two hospitals. The diagram on Figure 2.2 illustrates the co-occurrence

definition.

Hospital 1 Hospital 2

Patient

co-occ

Figure 2.2: Co-occurrence diagram between two hospitals. When a single patient visits

two hospitals 1 and 2 during its pathway, we count a co-occurrence between these hospitals.

The more patients visit two distinct hospitals, the stronger the co-occurrence link is.

Wemodel the hospitals and their collaborations as a graph, where the nodes are the hos-

pitals, and the edges are weighted by the number of co-occurrences between the hospitals.

The task we wish to achieve is community detection over this graph. Intuitively, we seek to

find communities of hospitals that frequently interact together by exchanging patients, as

illustrated on Figure 2.3.

Community detection algorithms are used to evaluate how groups of nodes are clus-

tered or partitioned together. Detecting communities on graphs is a very active research

topic, with many concrete applications [140]. There are different ways to perform commu-

nity detection on a graph [141]. Several approaches have been developed to learn latent

node representations based on the graph topology. These latent representations encode
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Figure 2.3: Co-occurrence graph between the hospitals. Hospitals are represented as

nodes, and edges are weighted by the number of co-occurrences between them. On this

graph, there are two communities colored in blue and red that we would like to retrieve.

the graph structure in a continuous vector space, that can be exploited by statistical models

[142]. Learning graph representations was traditionally performed with Laplacian regular-

ization. However, research shifted towards learning graph embeddings [143], inspired by the

skip-gram model [144]. With such approaches, node embeddings are learned so that nodes

that are strongly connected are close in the latent space. Once the embeddings are learned,

common statistical learning tasks can be performed such as graph classification, link pre-

diction, or community detection [141]. Recently, the Variational Graph Auto-Encoder (VGAE)

was introduced to learn latent representations for undirected graphs, in an unsupervised

manner [145]. This framework is based on the Variational Auto Encoder model [146], with

a Graph Convolution Network (GCN) [143] encoder and an inner-product decoder. GCN is

similar to a regular Convolution Layer used mostly in computer vision. In computer vision,

the input neurons are multiplied with a set of weights that are commonly known as filters

or kernels. The filters act as a sliding window across the whole image and enable to learn

higher level features from the neighboring cells. In GCN, the filters are moved across the

graph nodes, and learn features from the neighboring nodes. The hidden representation

of a given node can be obtained as the average value of the current node features along

with its neighbors. Based on the learned representations of every node, the inner-product

decoder aims at reconstructing the adjacency matrix of the input graph. That way, the net-

work will learn similar latent vectors for nodes that are strongly connected in the graph. One

advantage of this method is that we can use node features to learn the representations.

In our case, we use the co-occurrence network between the n hospitals as input graph.
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This is a non directed weighted graph, where strongly connected nodes are hospitals with

many co-occurrences. We ran the VGAE model over the adjacency matrix of the graph, with-

out using nodes features. We a chose a latent representation of size k = 32. The output was

a matrix Z ∈ R
n×k corresponding to the embedding vectors of each hospital node. We ran a

TSNE [147] dimensionality reduction algorithm on top of Z to obtain a 2D representation of

every hospital. Finally, we performed a clustering on top of the reduced data, with the DB-

SCAN algorithm [148]. DBSCAN stands for “Density-based spatial clustering of applications

with noise”. The algorithm can discover clusters of different shapes and sizes, which might

contains noise and outliers. The algorithm takes two parameters: the minimum number of

points n to form a cluster from; and a distance measure ǫ to locate points within each other.

For every point in the dataset, if there are at least n points within a radius ǫ, assign them to

the same cluster. The clusters are then expanded recursively by repeating this step for all

the remaining points. One of the advantage from this algorithm is that we do not need to

specify the number of expected clusters. However, the parameters are sometimes hard to

tune, and good initial values should be set with care.

2.2 Results

We first describe the spatial distribution and specificities of the 1,662 hospitals included in

this study. There are different types of hospitals in France: Centre Hospitalier (CH) (n=667)

and Centre Hospitalier Regional / Universitaire (CHR/U) (n=142) are state-run hospitals; Centre

de Lutte Contre le Cancer (CLCC) (n=26) and Participant au Service Public Hospitalier (PSPH)

or Etablissement a But Non Lucratif (EBNL) (n=142) are both private hospitals of collective

interest, though CLCC are oncology dedicated; private hospitals (n=606) are privately run

and for-profit. The non Medecine, Chirurgie, Obstetrique (MCO) care centers with radio-

therapy activity (n=79) are mostly private practice structures and are referred as Other. Ta-

ble 2.2 shows the number of care centers and their oncology activity per hospital type and

region. Most of the care centers are public, but a non-insignificant part are private. CLCC
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represent only 1.6% of the care centers, yet they are responsible for 14.2% of the overall on-

cology activity. The care centers are unevenly distributed across the country. For instance,

Corse and Centre-Val-de-Loire are the only two regions with no CLCC care centers. More-

over, the proportion of oncology activity per hospital type varies from a region to another.

For instance, in Nouvelle-Aquitaine, 47.1% of the oncology activity is handled by private care

centers, whereas in Provence-Alpes-Cote-d’Azur it is 21.4%.

Variable value per region Hospital Type

N = number of centers CH CH CLCC Other PSPH/EBNL Privé All
A = oncology activity (radio. + chemo. + surgery) (n=667) (n=142) (n=26) (n=79) (n=142) (n=606) n=1,662
Auvergne-Rhône-Alpes N 98 (49,2%) 21 (10,6%) 2 (1%) 7 (3,5%) 13 (6,5%) 58 (29,1%) 199

A 34,597 (26,7%) 31,706 (24,5%) 16,966 (13,1%) 6,710 (5,2%) 6,146 (4,7%) 33,297 (25,7%) 129.422
Bourgogne-Franche-Comté N 53 (64,6%) 4 (4,9%) 1 (1,2%) 5 (6,1%) 2 (2,4%) 17 (20,7%) 82

A 12,238 (27,6%) 10,621 (24%) 5,844 (13,2%) 4,405 (9,9%) 657 (1,5%) 10,571 (23,8%) 44.336
Bretagne N 38 (33%) 8 (7%) 1 (0,9%) 6 (5,2%) 11 (9,6%) 51 (44,3%) 115

A 15,953 (27%) 11,020 (18,6%) 6,341 (10,7%) 5,553 (9,4%) 2,050 (3,5%) 18,199 (30,8%) 59.116
Centre-Val de Loire N 29 (46,8%) 4 (6,5%) 0 (0%) 6 (9,7%) 2 (3,2%) 21 (33,9%) 62

A 6,989 (19,6%) 11,524 (32,2%) 0 (0%) 5,137 (14,4%) 32 (0,1%) 12,058 (33,7%) 35.74
Corse N 7 (53,8%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 6 (46,2%) 13

A 3,486 (66,3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1,773 (33,7%) 5.259
Grand Est N 70 (41,7%) 17 (10,1%) 3 (1,8%) 6 (3,6%) 30 (17,9%) 42 (25%) 168

A 17,428 (19,6%) 22,123 (24,9%) 13,176 (14,8%) 6,793 (7,7%) 7,683 (8,7%) 21,553 (24,3%) 88.756
Hauts-de-France N 56 (40%) 11 (7,9%) 1 (0,7%) 11 (7,9%) 12 (8,6%) 49 (35%) 140

A 21,864 (26%) 15,934 (19%) 6,947 (8,3%) 8,618 (10,3%) 5,242 (6,2%) 25,399 (30,2%) 84.004
Île-de-France N 40 (47,6%) 5 (6%) 4 (4,8%) 6 (7,1%) 3 (3,6%) 26 (31%) 84

A 7,573 (14,9%) 7,947 (15,7%) 14,210 (28%) 5,419 (10,7%) 0 (0%) 15,627 (30,8%) 50.776
Normandie N 70 (44,9%) 10 (6,4%) 1 (0,6%) 7 (4,5%) 12 (7,7%) 56 (35,9%) 156

A 37,844 (33%) 26,244 (22,9%) 7,477 (6,5%) 7,157 (6,2%) 2,824 (2,5%) 33,271 (29%) 114.817
Nouvelle-Aquitaine N 66 (37,7%) 14 (8%) 2 (1,1%) 7 (4%) 6 (3,4%) 80 (45,7%) 175

A 14,735 (12,1%) 20,915 (17,2%) 16,047 (13,2%) 11,572 (9,5%) 1,098 (0,9%) 57,374 (47,1%) 121.741
Occitanie N 34 (44,7%) 5 (6,6%) 3 (3,9%) 4 (5,3%) 5 (6,6%) 25 (32,9%) 76

A 11,901 (18,9%) 11,374 (18,1%) 12,564 (19,9%) 3,422 (5,4%) 3,916 (6,2%) 19,822 (31,5%) 62.999
Pays de la Loire N 53 (34,4%) 10 (6,5%) 3 (1,9%) 4 (2,6%) 15 (9,7%) 69 (44,8%) 154

A 14,632 (13,6%) 16,533 (15,4%) 21,924 (20,4%) 6,172 (5,7%) 10,918 (10,2%) 37,176 (34,6%) 107.355
Provence-Alpes-Côte d’Azur N 53 (22,3%) 33 (13,9%) 5 (2,1%) 10 (4,2%) 31 (13%) 106 (44,5%) 238

A 24,390 (12,6%) 66,406 (34,2%) 34,028 (17,5%) 12,817 (6,6%) 14,981 (7,7%) 41,577 (21,4%) 194.199
Grand Total N 667 (40,1%) 142 (8,5%) 26 (1,6%) 79 (4,8%) 142 (8,5%) 606 (36,5%) 1662

A 223,630 (20,4%) 252,347 (23%) 155,524 (14,2%) 83,775 (7,6%) 55,547 (5,1%) 32,7697 (29,8%) 1,098,520

Table 2.2: Number of care centers (N) and overall oncology activity (A) per hospital

type and region. Oncology activity is the sum of the number of patients with radiother-

apy or chemotherapy, and the number of medical or surgery stays related to cancer. CH

and CHR/U are public hospitals; CLCC and PSPH/EBNL are private hospitals of collective

interest, though CLCC are oncology dedicated; private hospitals are for-profit. Other hos-

pitals are mostly private practice radiotherapy structures. The percentages sum to 100%

row-wise. In Nouvelle-Aquitaine, 47.1% of the oncology activity is handled by private care

centers, whereas in Provence-Alpes-Cote-d’Azur it is 21.4%.
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2.2.1 Oncology specialization label

While it is obvious that CLCC care centers are suited for oncology care, it is difficult to assess

the degree of oncology specialization for other care centers. Our clustering algorithm as-

signed the n=1,662 care centers into 8 clusters, sorted by oncology specialization. The PCA

and clustering results are visible on Figure 2.4. The scatter plots (A) and (B) display the hos-

pitals as points in the 2-dimensional PCA space, colored by assigned cluster (A) and hospital

category (B). We see two main groups of points on this scatter plot, one on top and one on

the bottom. These points are well separated along the second PCA component. From plot

(C), we can interpret the PCA components. The first one is correlated with almost every in-

put variable, meaning that the higher this component is, the larger and the more developed

the hospital is. Regarding the second component, it is correlated with oncology dedicated

variables, especially radiotherapy. This means that hospitals with a large value along the

second component are dedicated to oncology and have a radiotherapy activity. From this,

we understand that points with large values along the two components are large hospitals

with an important oncology activity. This seems to be the case for hospitals in clusters 1 and

2 (A). When we look at the hospitals categories on plot (B), we notice that these points on the

top right side of the figure are essentially CLCC, which makes sense since these hospitals are

fully dedicated to oncology by design. However, there are also hospitals from all the other

categories, which would have been less easy to identify as oncology experts.

The Figure 2.5 shows the distribution of some of the key health services per cluster.

These services are biology, radiotherapy, chemotherapy, cancer surgery, intensive unit, pal-

liative care, oncology unit, medication circuit, surgery, and outpatient surgery. The three

oncology services are cancer surgery, radiotherapy, and chemotherapy. We see that care

centers from clusters 1 (n=79) and 2 (n=39) all have these 3 services, hence they are the

most suited hospitals for oncology care. Centers from cluster 3 (n=451) have cancer surgery

and chemotherapy but lack radiotherapy. The most part of the n=381 centers from cluster

4 have cancer surgery, but no radiotherapy nor chemotherapy. Care centers from cluster

5 (n=2) and cluster 6 (n=7) have radiotherapy and chemotherapy services, but no cancer
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ral exodus” is largely responsible of what is known as the “empty diagonal”, a band of very

low-density population that stretches from the southwest to the northeast. On Figure 2.8,

Map (A) shows the metropolitan France map, with municipalities colored by population den-

sity cuts. The various bins are: <30; 30-50; 50-100; 100-200; and >200 inhabitants per km2.

The hospitals are displayed as pictograms, sized by oncology activity and colored by their

assigned cluster. Unsurprisingly, the largest hospitals and the most specialized in oncology

are located in densely populated areas. The box plot (B) shows the population distribution

of the municipalities where the hospitals are located, by cluster index. As expected, the mu-

nicipalities where hospitals from the cluster 1 are more populated. Bar plots (C) and (D)

show the number of hospitals by cluster index for every region. Plot (C) shows the absolute

number where plot (D) shows the number of hospitals per 100,000 inhabitants.

2.2.2 Collaborations between hospitals

We now describe our results on collaborations between hospitals. We selected patients with

a cancer diagnosis during the year 2018, regardless of the cancer type. These patients visited

a total of n=1,433 distinct hospitals. We computed the co-occurrence input matrixX ∈ R
n×n

from this dataset. We counted a co-occurrence between two hospitals every time a patient

visited both hospitals during the year. We stress that it did not have to happen during the

same stay. We then ran the VGAE model to learn the nodes representations, and performed

dimensionality reduction with TSNE. Finally, the DBSCAN algorithm outputs 26 communities,

and failed to find a community for 13 hospitals. We displayed the retrieved communities on

Figure 2.9. On this map, the hospitals are displayed as pictograms, sized by their oncology

activity, and colored by the retrieved community, corresponding to the DBSCAN cluster. The

links between the hospitals are the co-occurrences, and we only displayed links with more

than 60 co-occurrences for clarity.

We studied the hospitals distribution and geographical spread, as illustrated on Fig-

ure 2.10. The barplot (A) displays the number of hospitals per community, and oncology

specialization cluster. We notice that most of the communities have hospitals from the most
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ment and correspond to modern oncology care specifications. However, these centers are a

minority and sparsely located, essentially in dense areas and in large cities. While the inhab-

itants of large cities and metropolitan areas will have no problem reaching them, rural areas

residents live far away from these centers. This population often has better access to care

centers from intermediate clusters. Such centers do not have all the key services and the

patients are more likely to visit multiple hospitals during their care pathways. Longer drives

to reach a more specialized care center could be considered more acceptable for surgery,

where the hospital volume and surgeon expertise matter. However, for more frequent in-

terventions like chemotherapy and radiotherapy especially, patients should prioritize short

travels. There is a tradeoff to be found by patients, between care center proximity and care

center expertise. This dilemma will be more frequent for patients living in rural areas than

patients living in dense cities with large care centers nearby. The different levels of oncology

specialization and the uneven spatial distribution of the oncology hospitals should be a rea-

son to improve collaborations between hospitals. If the hospitals with less expertise work

closely with oncology dedicated hospitals, the risks for patients to receive inadequate treat-

ment might be lowered. To highlight the currently existing hospitals collaborations, we ran

a community detection algorithm on the co-occurrence matrix. The resulting communities

are hospitals that frequently share patients together. By crossing the oncology specializa-

tion clusters and these communities, we identified patterns of collaborations, where the

most oncology specialized hospital was placed at the center of the collaboration network

between the smaller hospitals nearby. These new communities could be interpreted as on-

cology collaboration groups, and they have been defined from real-life patients data. We

believe that they could be used to start the reflection around better designed collaboration

networks, based on already existing patients exchanges, proximity between hospitals, and

complementarity between the hospitals.
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Chapter 3

Accessibility to oncology care

This chapter is part of a research article currently under submission. The preprint is available

on medrXiv.

3.1 Methods

3.1.1 Spatial Accessibility methods overview

There are several ways to compute accessibility to healthcare as reviewed in [33]. Some

methods are very straightforward and as easy as computing ratios per geographical units.

Other methods are more sophisticated and can model more real world factors. We detail

these methods in the following sections.

Provider-to-population ratios

The easiest and most straightforward SA method is to compute provider-to-population ra-

tios, also referred as supply ratios. The ratio involves some indicator of health service ca-

pacity (supply) as numerator; while the denominator is the population size within the area

(demand). For instance, when measuring accessibility to primary care, one might use the

number of physicians in the area as supply, and area population as demand. The resulting
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ratio might be interpreted as the number of physicians per 100,000 inhabitants [149].

Supply ratios are highly interpretable, and relevant for comparisons of supply in large

areas. Policy analysts have used these metrics to set minimal standards of supply and iden-

tify under-served areas where supply should be increased [149, 150, 151]. However, sup-

ply ratios have limitations that often prevent their usage in more detailed analysis. First,

they do not account for patient border crossing, which commonly occurs for small areas

[152, 153, 154, 155]. Second, supply ratios are constant within the bordered area, which

will lead to imprecision and false generalization in large areas. Finally, they do not consider

travel impedance, which plays a major role in SA. Consequently the results and interpreta-

tions can vary greatly depending on the size, number and configuration of the areal units

studied. This problem is well-known to geographers and spatial analysts as the modifiable

areal unit problem (MAUP) [156].

Travel impedance to providers

As stated earlier, travel impedance is a key aspect of SA evaluation. It is typically measured

from a patient’s residence or from the centroid of a population location when the precise

location is not available. The impedance can be expressed in different ways: euclidean

(straight) distance, travel distance or estimated travel time.

Travel impedance is suited for rural areas, where providers are limited and patients often

travel to the nearest choice available. However, travel impedance is less relevant for urban

areas. Indeed, there are numerous reasonable options available at a similar distance and

patients won’t travel to the closest one anymore. Moreover, travel impedance is a poor

indicator of availability and should be combined with supply to properly evaluate SA [157].

Gravity models

Gravity models are more sophisticated ways to evaluate SA, based on a modified version of

Newton’s Law of Gravitation. They were initially developed to predict retail travel [158] and

help with land use planning [159]. Gravity models combine both accessibility and availabil-
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ity, and work well in urban and rural settings. Gravity models represent the influence of all

service points located within a reasonable distance from a population location. The influ-

ence is discounted by the increasing distance or travel impedance. The simplest formula for

gravity-based accessibility is:

Ai =
∑

u

Su

dβiu
(3.1)

In this equation, Ai is the accessibility score at population location i. Su is the capacity

of the service point u, and diu the travel impedance (e.g. distance or travel time) between

population location i and service point u. We set β as a gravity decay coefficient, sometimes

referred to as the travel friction coefficient. Intuitively, β represents the change in difficulty

of travel as the impedance value increases. The accessibility score increases with higher

provider capacity, and decreases with higher travel impedance. Gravity models are an ele-

gant way to compute accessibility, which accounts for border crossing, local variations, and

travel impedance. The main drawbacks of this approach is the lack of intuitiveness, and

healthcare policy makers prefer to think of SA in terms of provider-to-population ratios or

simple distance. Second, it only models supply and does not account for demand. Providers

should not be equally accessible if they serve population locations with drastically differ-

ent population sizes. A proposed solution is to add a population demand factor Vu, to the

denominator [160]:

Vu =
∑

k

Pk

dβku
(3.2)

Here, Pk is the population size at population location k, and dku is the distance between

the population location k and provider location u. Intuitively, the demand on provider lo-

cation u is obtained by summing the gravity discounted influence of all population points

within a reasonable distance. The improved gravity model is:

Ai =
∑

j

Sj

dβijVj

(3.3)
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However, another problem is that the distance decay coefficient, β, is usually unknown

and hard to estimate. Its form and magnitude can vary greatly with the service type and

population under study [161].

Two Step Floating Catchment Area (2SFCA)

Recently, a new type of method has been developed and is now used in most SA papers.

This algorithm is called Two Step Floating Catchment Area (2SFCA) [162]. It is a two-step

method that first computes a provider-to-population ratio for each provider location. In the

second step, for each population location, an accessibility score is obtained by summing the

provider-to-population ratios. For the algorithm to work, a catchment threshold (distance or

travel time) must be set. Above this threshold, a provider location is considered unreachable

from the population location, and vice versa.

• Step 1: for every provider u, compute its capacity-to-population ratio Ru.

• Step 2: for every population location, computeAi as the sum all theRu of the reachable

providers.

Ru =
Su∑

k∈{dku≤d0}
Pk

(3.4)

Ai =
∑

u∈{diu≤d0}

Ru (3.5)

The capacity of a provider is balanced by the total population with access to it. A popu-

lation location that solely has access to low capacities or overcrowded providers will have a

low accessibility score. Similarly, a population location will have low accessibility scores if the

distance to get to the nearby providers is above the catchment area.
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Enhanced Two Step Floating Catchment Area (E2SFCA)

The 2SFCA method does not account for distance decay: a provider is either reachable or

not. The E2SFCA [55] addresses this limitation by applying weights to differentiate travel

zones in both steps. Consider Pi the population at location i, with 1 ≤ i ≤ n where n is

the number of population locations. Similarly, consider Su the capacity of care center u,

with 1 ≤ u ≤ m where m is the number of care centers. Finally, let diu be the matrix of

size n ×m containing the distances between location i and providers u. We consider r sub-

catchment zones each associated with a weightWs, and a distance Ds, with 1 ≤ s ≤ r, such

that D1 < D2 < ... < Dr and W1 > W2 > ... > Wr. The resulting r travel intervals are

I1 = [0, D1], I2 = [D1, D2], ..., Ir = [Dr−1−, Dr]. The accessibility Ai of a population location i

is computed in two steps:

• Step 1: for every care center u, compute its weighted capacity-to-population ratio Ru.

• Step 2: for every population location, compute Ai as the sum all the weighted Ru of

the reachable providers.

Ru =
Su∑r

s=1 Ws

∑
i,diu∈Is

Pi

(3.6)

Ai =
r∑

s=1

Ws

∑

u,diu∈Is

Ru (3.7)

Multi modal Two Step Floating Catchment Area

The E2SFCA methodology can be enhanced by incorporating both public and private trans-

port modes [163]. The proposed model yields separate accessibility scores for each modal

group at each demand point to better reflect the differential accessibility levels experienced

by each cohort.

Suppose that each method of travel (car, bus, walking, etc.) necessitates a dedicated

transport network and let each such network be referred to as N1, N2, ..., NM . In order to
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accommodate independent networks for each travel mode into the E2SFCAmodel, the com-

putation of Step 1 becomes:

Ru =
Su∑M

m=1

∑r

s=1 Ws,m

∑
i,diu,m∈Is

Pi,m

(3.8)

Similarly for Step 2:

Ai =
M∑

m=1

r∑

s=1

Ws,m

∑

u,diu∈Is

Ru (3.9)

Huffmodel and Two Step Floating Catchment Area

The E2SFCA does not consider competition among multiple healthcare sites available for a

population location [164], and therefore it may lead to overestimation for some sites [41].

The Huff Model is a widely accepted method for quantifying the probability of people’s se-

lection on a service site out of multiple available ones [165]. It specifically aims to estimate/-

model people’s choice on a service site with two factors: the distance to the service site; and

the attraction of the service site. Let Probi,j be the probability of population location i visiting

service site j, defined by Equation (3.10). In this formula, dij is the travel time between i and

j; β is the distance impedance coefficient, usually set between 1.5 and 2; Cj is the capacity

or attractiveness of service site j; and s are the service sites within the catchment D0 of i.

Probi,j =
Cid

−β
ij∑

s∈D0
Csd

−β
is

(3.10)

Incorporating the Probi,j term into the E2SFCA steps brings the following equations:

Ru =
Su∑r

s=1 Ws

∑
i,diu∈Is

Probi,uPi

(3.11)

Ai =
r∑

s=1

Ws

∑

u,diu∈Is

Probi,uRu (3.12)

70



3.1.2 Computing accessibility to oncology care scores

We now explain how we computed our oncology accessibility score. As we want to compute

the accessibility to oncology care centers, we chose Su to be the oncology activity of a hos-

pital u. We define oncology activity as the sum of the number of medical and surgery stays

related to cancer, and the number of patients with chemotherapy or radiotherapy. A care

center with no oncology activity will have Ru = 0 and a municipality that solely has access to

this care center u will have Ai = 0. We use driving duration as travel impedance metric, and

we set the maximum catchment area to a 90-minute drive. In 2018, only 24,152 patients out

of 761,057 (3.2%) had travel duration greater than 90 minutes for cancer related pathways.

This is low enough to consider that care centers are non-reachable beyond this distance. We

divide the catchment area into 3 intervals: I1 = (0, 30] ,I2 = (30, 60] and I3 = (60, 90]. The as-

sociated weights are respectively W1 = 1, W2 = 0.042 and W3 = 0.09. These sub catchment

areas are set based on the cancer pathways travel duration distributions and validated with

medical experts. The weights are the same than the E2SFCA paper [55]. For privacy reasons,

municipalities with small populations are grouped in entities called “geographic codes” in

the PMSI database. We decided to compute the accessibility score for each geographic code

and municipalities that are grouped in the same code will have the same accessibility score.

On Figure 3.1, we display the accessibility score distribution. We compared the results

from different methods. The E2SFCA and 2SFCA algorithms were compared, and we used

either the oncology activity or overall number of MCO stays as supply variables. As expected,

the median accessibility score is much higher when using the MCO stays as supply variable.

Using the E2SFCA algorithm rather than the 2SFCA changes the distribution shape, by shift-

ing values to the left, due to the distance weights.

3.2 Results

The oncology accessibility is unevenly distributed across the country, as displayed on Fig-

ure 3.2. For better readability, we cut the accessibility scores into 5 quantiles. Q5 colored in
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denser municipalities have a median accessibility around 0.02. Municipalities with low pop-

ulation densities have more extreme values. Figure 3.3 compares accessibility and popula-

tion density for three different regions: Provence-Alpes-Cote-d’Azur (A), Ile-de-France (B), and

Bourgogne-Franche-Comté (C). Municipalities are displayed as squares, colored by accessi-

bility quantile, and sized by population density. These regions show very different profiles.

In Provence-Alpes-Cote-d’Azur (A), accessibility is essentially low in non-dense municipalities

near the Alps. However, in Bourgogne-Franche-Comté (C), we see dense municipalities with

poor accessibility scores, representing a large proportion of the region. We also drew similar

maps (D, E and F) where municipalities are colored based on the average travel duration for

patients with cancer in 2018. We see that the average travel time is higher in municipalities

with poor accessibility scores.

Finally, we compared our accessibility score with the department exit ratio, by munici-

pality. Department exit ratio is defined as the proportion of cancer patients who visited a

care center outside from their department of residence and was computed using the PMSI

database. In Provence-Alpes-Cote-d’Azur, the exit ratio is higher in departments with low ac-

cessibility scores and few oncology specialized care centers, as in Alpes-de-Haute-Provence

and Hautes-Alpes. While the Var department has some oncology centers, exit ratio remains

high since larger care centers are in Marseille and Nice.

Accessibility in Provence-Alpes-Cote-d’Azur region

We now focus on the region Provence-Alpes-Cote-d’Azur. This region is the far southeast-

ern on the mainland. The region’s population was 5,048 million in 2018. Its prefecture and

largest city is Marseille. The region contains six departments. Bouches-du-Rhone, Var and

Alpes-Maritimes are located on the coastline and gather the largest cities like Marseille, Nice,

or Toulon. Alpes-de-Haute-Provence, Vaucluse, and Hautes-Alpes are inland departments,

with a majority of rural and mountainous areas. Results are shown on Figure 3.4. By com-

paring maps (A) and (B), we confirm that the accessibility is maximum in denser areas of

the region. Average patients travel time are displayed on map (C) and we drew the major
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Accessibility in Pays de la Loire region

The Pays de La Loire region is located in the west of France. It covers 32,082 km2 which

makes it the largest region in France, with a population of 3,806,461 (Insee) in 2019. In the

region, one out of two inhabitants lives in rural areas, compared to one out of three on aver-

age in France. The Pays de la Loire is thus the 4th most rural region behind New Aquitaine,

Brittany and Burgundy-Franche-Comté. The Pays de La Loire region is composed of 5 de-

partments. The level of population living in rural communes varies according to the depart-

ments, but 4 departments out of the 5 are considered rural. In Vendée and Mayenne, two

out of three inhabitants live in rural areas, in Maine-et-Loire 58% of the population resides in

a rural commune and in Sarthe 56%. However, 29% of the region’s population lives in a rural

commune under the influence of a pole, compared to 20% in an independent rural com-

mune. The city of Nantes, located in Loire-Atlantique in the east of the region, is the largest

urban area in the region and has 303,382 inhabitants, as well as 961,521 inhabitants in its

urban unit. The region has several cities with more than 100,000 inhabitants with Le Mans

and its 143,325 inhabitants, Angers (151,520 inhabitants), followed by cities of about 50,000

inhabitants such as Saint-Nazaire, (68,200 inhabitants) Cholet, (54,200 inhabitants) and Laval

(51,000 inhabitants). The Pays de la Loire has good accessibility with 51% of its population

living in a territory with maximum accessibility and a low rate of its population living in ter-

ritories with low or very low accessibility: 8.3% of its population resides in an accessibility

score zone of Q2 and only 3.7% of its population in Q1. Thus, the maps show a good distri-

bution of accessibility across the territory that varies proportionally with population density,

with low accessibility areas corresponding to areas with low or very low population density.

Travel time is also relatively evenly distributed across the region, with average travel times

of 30 minutes, although depending on the department, a significant proportion of trips are

between 30 and 60 minutes. A very small proportion of territories exceed 60 minutes of

travel time. The territories with longer travel times are located in the Vendée department,

mainly due to the coastal profile of the department and the islands that make it up, such as

the Noirmoutier peninsula or the Ile d’Yeu, where travel times exceed 90 minutes and 120
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The urban space is mainly found along the coast and in the Garonne basin. 39% of the

population lives in rural areas, i.e. 2.9 million inhabitants, and 9 of the 13 departments are

considered rural. However, Occitanie is a largely urbanized territory with numerous urban

centers in each department, the main metropolises being Toulouse andMontpellier. This re-

gion is the 5th most urbanized region of the metropolis and has more than fifty urban units

of at least 10,000 inhabitants with several cities exceeding 70,000 inhabitants (Tarbes, Mon-

tauban, Albi). 4.4 million people live in the urban units, representing 76% of the population.

Occitanie is composed of 13 departments. Three departments are among the most urban-

ized in the province and therefore have a strong demographic weight: Hérault (89% of the

population residing in an urban unit), Pyrénées-Orientales (88%) and Haute-Garonne (87%).

The Hérault department includes the city of Montpellier, but also Béziers, Sète and many

small urban areas. The Haute Garonne includes the city of Toulouse, the fourth most pop-

ulated commune in France (493,465 inhabitants) and with its rural areas are under strong

pole influence. The Lot, Lozère and Gers are the least urbanized in France, with less than

40% of the population living in urban areas.

In this region, accessibility is not uniform across the territory. The areas with the highest

accessibility scores are concentrated in the large urban areas and their catchment areas, no-

tably in the center of the region around the city of Toulouse and Montauban in the Garonne

basin, as well as along the coastline in the east of the region around the cities of Nîmes,

Montpellier, Béziers, Narbonne and Perpignan. Also, if the most densely populated areas

have a good level of accessibility, it can be seen that some medium-sized cities in the Occi-

tanie region lack a good level of accessibility and even have low accessibility. This is particu-

larly pronounced in the rural departments of the region (Lot, Gers and Lozère), as well as in

Aude, Ariège and Hautes-Pyrénées. Indeed, many urban units have a low accessibility score

(Q2) such as Auch (25,527 inhabitants) in the Gers, Foix (12,310 inhabitants) and Pamiers

(29,340 inhabitants) in the Ariège, Rodez (47,868 inhabitants) in the Aveyron with a score of

Q2/Q3, Cahors (24,279 inhabitants) in the Lot. Many areas of the region have long travel

times of around 90 minutes if not 120 minutes on average. This is particularly true along the
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Accessibility in Nouvelle-Aquitaine region

The Nouvelle-Aquitaine region is located in the southwest of France. It covers an area of

84,036 km2 which makes it the largest region in France, with a population of 6,010,289 (In-

see) in 2019. The region is the third most rural region of France with half of its inhabitants

living in a rural commune. The share of population in rural autonomous is significant com-

pared to the national average but is similar to that of Brittany or Burgundy-Franche-Comté.

Among the twelve departments of Nouvelle-Aquitaine , ten are predominantly rural, and two

are predominantly urban: Gironde (71% of the population living in an urban commune) and

Pyrénées-Atlantiques (62%). Nouvelle-Aquitaine is composed of 12 departments. The re-

gion’smainmetropolis, Bordeaux, with 260,958 inhabitants and 986,879 inhabitants in its ur-

ban unit, is located in the west of the region in the Gironde department. The region includes

several intermediate cities with more than 70,000 inhabitants such as Limoges (130,876),

Poitiers (89,212), Pau (75,627), La Rochelle (77,205), Mérignac (72,197), Pessac (65,245).

We notice accessibility disparities in this region. The areas with the highest accessibility

scores are mainly located around the above-mentioned large and intermediate cities. Also,

the areas with accessibility scores Q1 and Q2 are mainly located in territories with low or

very low population density. Similarly, the Nouvelle-Aquitaine region seems to provide rel-

atively widespread access to cancer care for its population. Indeed, 56% of its population

is located in a zone with a maximum accessibility score of Q5, and 21.1% in a zone with a

very good accessibility score of Q4. This leaves a smaller share of the population in areas

of low accessibility (8.4% in Q2) and very low accessibility (6.3% in Q1). The average travel

time is well distributed over the territory, with a majority of the territory covered by travel

times between 30 and 60 minutes. It can be seen, however, that part of the territory has

a good share of trips of less than 30 minutes (on average e 15 minutes) even in areas with

average accessibility (score 0.2). A clear correlation can be seen between accessibility score

and average travel time, with longer travel times in areas with low accessibility scores, but

consequently less densely populated territories. The Landes and Lot-et-Garonne are the

departments with the highest number of trips exceeding 60 minutes.
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mandie is composed of 5 departments. The department of Seine-Maritime in the northeast

of the region has two of the largest urban units in the region with more than 200,000 in-

habitants: Rouen the most populous with 112,321 inhabitants and 471,893 in its urban unit

as well as Le Havre with 172,366 inhabitants and 233,414 in its urban unit. The third urban

unit of more than 200,000 inhabitants in the region is Caen with 206,973 inhabitants in its

urban unit, located in Calvados. Normandie presents a rather average accessibility in terms

of population density and accessibility ratio since 30.9% of its population lives in the best

accessibility score almost equivalent to the percentage of population living in a territory with

a Q3 score of 28.3%. Only 10.3% of its population lives in accessibility level Q1 and 9.2% in

Q2.

We notice that the accessibility score is unevenly distributed. Although the areas with

low or very low population density are the most affected by a low accessibility score of Q1 or

Q2, we can still observe a fairly homogeneous distribution of the population on the territory,

especially in the areas far from the urban units, and an accessibility that remains fairly low

around Q2. The department of Calvados has the best distribution of accessibility over its

entire surface. Whereas Orne, which is the most rural department in Normandie, has an

accessibility score of Q1 except around the urban unit of Argentant. The same is true for the

department of La Manche, which includes many areas of the territory with an accessibility

score of Q1 or especially Q2 despite a higher population density, notably around the city of

Cherbourg-Octeville and its surroundings with an accessibility score of Q3 or even Q2 for a

city that nevertheless counts 35,545 and 81,423 in its urban unit (Figure 24). The average

travel time is well distributed over the territory, with the majority of the territory covered

by travel times of 30 minutes on average and below 60 minutes. It can be seen that the

majority of trips in the departments of Seine-Maritime and Calvados are under 30 minutes,

particularly in Calvados, unlike the department of Orne, the only department in the region

whose trips are slightly over 60 minutes but still under 90 minutes.
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are in Seine-et-Marne. The most rural and least dense areas are therefore mainly located

in the east of the region, particularly along the border to the east of the Seine-et-Marne

department.

Île-de-France has good accessibility over the vast majority of its territory. Indeed, 63.8%

of the population of IdF is located in an area with a maximum accessibility score, and almost

no population is located in an area with a minimum accessibility score Q1 or even Q2. Also,

although only 9% of the territory’s surface is identified as having a Q5 score and 15% as hav-

ing a Q1 score, the minimum accessibility zones are not very densely populated, which only

affects a very small part of the region’s population. Indeed, we observe that the only areas

with a Q1 score are located in the eastern part of the region in the Seine-et-Marne depart-

ment where the population density is very low. Moreover, travel time is uniform through-

out the region with a very good level of travel time limited to an average of 30 minutes.

The Ile-de-France region does not suffer from accessibility difficulties at any level for cancer

treatments, regardless of location in the territory.

Accessibility in Hauts-de-France region

The Hauts-de-France region is located in the north of France. It covers 31,948kmš for a pop-

ulation of 6,005,000 (Insee) in 2019, or 9% of the metropolitan population. The region has

retained a strong industrial footprint. It is the second most urbanized region after Ile de

France with 89% of its population living in a large urban area. However, 83% of the region’s

municipalities are considered rural (including autonomous rurality and rurality under the in-

fluence of a pole in a peri-urban area), with 29% of the region’s population living in a so-called

rural municipality. The Hauts-de-France is composed of 5 departments. In the department

of Nord in the north of the region, particularly urbanized and densified, is the city of Lille

which has 1,411,571 inhabitants in its metropolis. Amiens in the department of Somme is

the second most populated urban area in the region.

The accessibility zones are relatively evenly distributed over the territory, although the

best accessibility in this department is mainly in the urban and peri-urban area of Lille. Travel
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Accessibility in Grand Est region

The Grand Est region is located in the east of France. It covers 57,433 km2 for a popula-

tion of 5,556,219 (Insee) in 2019. 39% of the population resides in a rural commune (i.e.,

a commune with low or very low density). 61% of the population resides in urban areas,

22.8% in peri-urban rural areas and 16.2% in autonomous rural areas, moreover nearly 80%

of the regional surface is dedicated to agriculture and forestry. The Grand Est is composed

of 8 departments. The departments of Meuse and Haute-Marne central to the region are

among the most rural departments in France with respectively 74% and 67% of their popula-

tion living in rural areas (peri-urban and autonomous), while the departments of Haut-Rhin,

Bas-Rhin, Meurthe-et-Moselle and Moselle have more than 60% of their population living in

urban areas (2018, Insee). The department of Marne in the west of the region is home to

Reims, the most densely populated city in the region after Strasbourg.

The accessibility is high in the eastern half of the region in the departments of Moselle,

Meurthe etMoselle, Bas-Rhin, Haut-Rhin, particularly around the large agglomerations (Stras-

bourg, Nancy, Metz, Colmar). Indeed, 41% of the population of the Grand Est is in an acces-

sibility zone of Q5 and only 7.5% in a Q1 zone. The lack of accessibility in the western part

of the region is more pronounced due to the low or very low density areas that are more

common in these departments. Also, the link between population density and accessibility

is visible and reinforced by the consideration of average travel times. Travel times are al-

most uniformly distributed over the entire territory, with little or no travel time exceeding

30 minutes; travel times of 60 minutes on average are limited and those of 90 minutes are

very limited. These times are most prevalent in the western half of the region in the very

low density areas but mostly in the less demographically dense areas. The poor accessibility

for the city of Charles-Ville-Mézière (46,436 inhabitants in 2019) is more worrying in view of

its demographic density. However, it can be observed that the coverage of maximum acces-

sibility for the majority of the population does not necessarily require a spatial accessibility

spread over the surface of the region, since the Grand Est has only 13.5% of the surface of

its territory considered as Q5 accessibility, but covers the needs of maximum accessibility
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inhabitants living in a rural municipality (49%). 27% of the population (700,000 inhabitants)

live in a rural commune under the influence of a major pole and nearly 22% (of 570,000)

outside the area of attraction of such a pole. However, the CVdL includes two metropolitan

areas, Orléans in the department of Loiret and Tour in Indre-et-Loire, which together account

for one-third of the regional population. Paris also has an influence on the region, affecting

184,000 inhabitants under its influence, i.e., 7% of the CVdL population. Thus, the majority

of the population (90%) lives in an attractive urban area. The Hauts-de-France is made up

of 6 departments. The department of Indre-et-Loire includes and Loiret includes the two

metropolitan areas of the region Tour with 137,665 inhabitants and Orleans with 288,229

inhabitants in 2019.

The accessibility of the whole region is relatively lower than in other regions observed

so far. Many areas have a low or very low accessibility score despite a medium population

density. Areas with low or very low population density can have a very low accessibility score,

although low-density areas of the Cher have a score around the Q3 quantile. Only the city

of Tour and its vicinity shows a maximum level of accessibility, as well as some surrounding

parcel areas in the department of Loir-et-Cher around the city of Blois and in the department

of Cher around Bourges. Even the city of Orleans has an accessibility score of Q4 despite

the presence of level 1 clusters. The CVdL has the particularity of being the only French

region without a CLCC on its territory. The closest CLCC are those in adjacent regions, in

Paris in the Île-de-France and Anger in Normandy. We can deduce that in order to access a

specialized center, the inhabitants of this region have to leave the region. We can see that

the level 1 clusters in the region are located in Tour, Orléans and Chartes. The departments

in the south of the region have lower level clusters, with the Cher having only a level 3 and

a level 7 cluster. This is reflected in the travel times which are rather homogeneous and

low in the northern and central departments with average travel times of 30 minutes, while

the southern departments, Indre and Cher have much higher travel times throughout their

territory, around 60 minutes and 90 minutes.
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is the second most rural region of metropolitan France after Burgundy-Franche-Comté. The

Breton rural area is characterized by longer travel times to everyday services. 25.7% of the

inhabitants of very sparsely populated autonomous areas have to travel more than 10 min-

utes on average to access them, and for 68.6% of them, the average journey takes between

7 and 10 minutes. However, a major part of the population lives in an attractive urban area,

i.e. 87% of the region’s population. Bretagne is composed of 5 departments. The main

metropolis of the region is Rennes with 215,366 inhabitants and 364,133 inhabitants in its

urban unit, the first agglomeration of the department of Ille-et-Vilaine, followed by Brest

which is located in the department of Finistère with 139,926 inhabitants.

Bretagne has very good accessibility with 57.7% of its population living in a territory with

maximum accessibility and above all a very low rate of its population in territories with low

or very low accessibility with 5.1% of its population in Q2 and only 1.5% of its population in

Q1. Also, the maps show a good distribution of accessibility throughout the territory, with

variations often related to the territory’s population density ratio. Travel times reflect the

level of accessibility, with many travel times less than 30 minutes and some travel times be-

tween 30 and 60 minutes but very rarely more. However, Morbihan has a relatively high

proportion of trips between 30 and 60 minutes, including rare areas where travel times ex-

ceed 90 minutes, particularly due to the department’s profile, which includes certain islands

such as Belle-Île, which have travel times of over 120 minutes.

Accessibility in Bourgogne-Franche-Comte region

The Bourgogne-Franche-Comté (BFC) region is located in the center-east of France. It covers

47,784 km2 for a population of 2,805,580 (Insee) in 2019 with 1,242,882 active people. In

2018 the BFC is considered the first rural region of France with more than half of its popu-

lation (1.5 million people) residing in rural areas. The BFC is composed of 8 departments.

The departments of Yvonne, Nièvre to the west, Saône-et-Loire and Jura to the south, have a

particularly rural and agricultural landscapewithout dense urban areas, especially for Saône-

et-Loire. In the department of Côte-d’Or is located Dijon, the largest and most densely pop-

92







Accessibility in Auvergne-Rhone-Alpes region

The Auvergne-Rhône-Alpes (ARA) region is located in eastern France. It covers 69,711 km2

for a population of 7,994,459 (Insee) in 2018, representing 12.3% of the metropolitan pop-

ulation, i.e. the most populated region in France. The ARA is the main mountain region of

France with 2.2 million people residing in a municipality classified as a mountain area, with

more than half in the regional part of the Massif Central which is distributed in a diagonal

of low population density, while the population of the Alpine massif is concentrated in the

urbanized and more densely populated parts at the bottom of valleys. In the ARA, 35% of

the population lives in a rural commune, the provincial metropolitan average being 33%,

and these communes cover 89% of the region’s surface area. The ARA is composed of 12

departments. The Rhône department in the northern center of the region includes the city

of Lyon, the second largest city in France, which has 1,411,571 inhabitants in its metropolis.

The eastern departments, Savoie, Haute-Savoie, Isère, Drôme, constitute the mountainous

areas of the region. Of the twelve departments, five are considered ’essentially rural’: Can-

tal (74% of the inhabitants live in rural communes), Haute-Loire (70%), Ardèche (60%), Allier

(58%) and Ain (50%).

If we look at the maps, we can see that the areas with the lowest accessibility are mainly

located in areas with low or very low density, particularly along the mountainous border in

the east of the region in the departments of Haute-Savoie, Savoie, Isère and Drôme. It is

possible to observe a good distribution of accessibility in the central, northern and north-

western part of the region, particularly around the large agglomerations such as the city of

Lyon, Clermont-Ferrand, Moulins, Grenoble and Aurillac. The three southern departments,

Haute-Loire, Ardèche and Drôme, are less accessible than the other departments in the re-

gion. Above all, it can be observed that the mountainous terrain tends to have a strong

impact on accessibility to care, since travel times in these areas, particularly for the depart-

ments of Drôme and Savoie, reach an average of 120 minutes if not 150 minutes. In the

mountainous departments of the east, the valleys that contain the urban centers with the

highest population density, such as Chambéry, Grenoble and Annecy, are the most favor-
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able accessibility centers in these departments. Despite its mountainous nature, 51.1% of

the Auvergne-Rhône-Alpes region is located in an accessibility zone Q5 compared to 8% in

an accessibility zone Q1.

3.3 Conclusion

In this section, we described our method to compute the oncology accessibility score given

to everymunicipality in metropolitan France. This score was obtained by using the Enhanced

Two Step Floating Catchment Area (E2SFCA) algorithm, with oncology activity as supply, mu-

nicipality population as demand, and driving car duration as impedance metric. Specific

attention should be given to municipalities with very poor access to oncology care cen-

ters. While we saw that most of the population lives in high accessibility areas, around

6% of the population lives in the bottom 20% accessibility quantile. Among these munic-

ipalities, some are very rural and mountainous like those in the Alpes-de-Haute-Provence

in Provence-Alpes-Cote-d’Azur region. Such areas cannot be expected to have a very good

healthcare coverage. By contrast, the case of suburban areas with relatively dense popu-

lation and poor accessibility should be addressed more easily. Our optimization algorithm

can help driving public health policies, as it effectively identifies areas where accessibility

could grow, by allocating additional oncology activity to a restricted number of care centers.

The proposed growth factors are indicative and do not have to be effective within a year, as

it represents a considerable effort for care centers to increase their activity. Our oncology

accessibility score is deliberately non-specific to cancer type. This score is meant to outline

how easy it would be for a population location to reach a first entry point for oncology care.

Here, we are only focusing on surgery, chemotherapy, and radiotherapy treatments. The

same technique could be used on a specific cancer type, the method will remain the same,

only the supply variable used in the accessibility score will change. We should mention that

SA is better suited for pathologies that are relatively well handled across the whole coun-

try. Accessibility for rare diseases like pediatric cancer or complex cancers that re-quire a
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our web application lets the user pick between surgery, chemotherapy, or radiotherapy as

supply variable.
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Chapter 4

Catchment Area

MaximizatION (CAMION)

This chapter is part of a research article currently under submission. The preprint is available

on medrXiv.

4.1 Methods

4.1.1 Overall optimization

We model the problem as an optimization task. In our case, we want our optimization algo-

rithm to find new care centers capacities given some constraints, so that the total accessi-

bility is maximum. We apply optimization on a given region only, rather than on the whole

metropolitan France. We chose this approach because healthcare planning is handled re-

gionally rather than nationally. We show below that our optimization problem is a Linear

Programming (LP) problem. In its standard form, LP finds a vector x that maximizes cTx un-

der constraints Ax ≤ b, where A is a matrix and b a vector. Boundaries can be set to x such

as x ≥ 0. Consider xu the new capacity of a care center u, to be computed by the algorithm.

Let Qu andWu be two vectors of sizem, defined as follows:
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Qu =
r∑

s=1

Ws

∑

i,diu∈Is

Pi (4.1)

Wu =
r∑

s=1

∑

i,diu∈Is

Ws (4.2)

Intuitively, Qu is the weighted population that has access to the care center u, and Wu

is the sum of weights of municipalities that have access to u. We can compute the total

accessibility as a sum on them care centers:

∑
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i
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u,diu∈Is

Su
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∑
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∑

i,diu∈Is

Ws

Su
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∑

i

Ai =
∑

u

Su

Qu

∑

s

∑

i,diu
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∑

i

Ai =
∑

u

Su

Qu

Wu (4.3)

Equation (4.3) can be rewritten in the LP standard form with:

c =
Wu

Qu

xu = Su

b ≥
∑

u

xu

xumin ≤ xu ≤ xumax
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The user-defined parameters are b, xumin and xumax . b is the total capacity to be shared

across all the care centers. xumin and xumax are the capacity boundaries for care center u.

If b is set to the current total capacity, a care center cant be grown unless another one is

decreased. If b >
∑

u xu, the capacity of care centers can be increased without decreasing

other centers. We know how to solve LP and we used the SciPy [166] implementation of the

revised simplex method as explained in [167]. We now detail how we set the user-defined

parameters to apply the LP algorithm to our specific case. The additional capacity was set as

+3% of the overall activity of the region’s care centers: b = 1.03 ×
∑

u xu. The choice of the

boundaries xumin and xumax is crucial and must be realistic. We studied the hospitals activity

on the past four years (2016 to 2019) to retrieve the average growth percentage of a care

center. The growth percentage is computed as follows: (S2019−S2016)/S2016 . Among the care

centers that grew and who had an existing oncology activity, the mean growth percentage

was 23%. Hence, we set xumax as +20% of the care center capacity. Regarding xumin , we set the

boundary based on the cluster of the care center. For the three most specialized clusters,

we set their xumin equal to their current activity. We did this to prevent the algorithm from

decreasing the most specialized and well-equipped care centers. Regarding the care centers

from the other clusters, xumin , so that they could be emptied if need be. Finally, we set xumax

if the care center belongs to the least specialized cluster. The new capacities are indicative

and should be further investigated to make sure they are relevant. Especially when setting

an existing oncology activity to 0.

4.1.2 Maxi-min optimization

We now want to maximize the minimum accessibility, meaning that the facilities capacities

will be increased to develop the areas where the accessibility is minimum in priority. Let z

be the minimum accessibility score.
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z = min
i=1,...,n

Ai (4.4)

z ≤ Ai for all i = 1, ..., n (4.5)

Let xu be the capacity increase for facility u, whose current capacity was Su. A facility

with an unchanged capacity will have xu = 0. The accessibility score Ai at municipality i

computed with the E2SFCA algorithm can be written as:

Ai =
r∑

s=1

Ws

∑

u,diu∈Is

Su + xu

Qu

Replacing Ai with this previous formulation in Equation (4.5) brings the following:

For all i = 1, ..., n:

z ≤

r∑

s=1

Ws

∑

u,diu∈Is

Su + xu

Qu

z −

r∑

s=1

Ws

∑

u,diu∈Is

xu

Qu

≤

r∑

s=1

Ws

∑

u,diu∈Is

Su

Qu

We can add these new n equations as constraints to the optimization problem, as well as

the other constraints. The Linear Programming problem is now framed as the maximization

of cTx with c = (1, ..., 0) and x = (z, ..., 0), both of sizem + 1 with m the number of facilities.

The constraints are:

For all i = 1, ..., n:
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z −

r∑

s=1

Ws

∑

u,diu∈Is

xu

Qu

≤

r∑

s=1

Ws

∑

u,diu∈Is

Su

Qu

∑

u

xu ≤ b for a given budget b

xumin ≤ xu ≤ xumax

4.2 Results

We now present the outcomes of our optimization algorithm, on every region in metropoli-

tan France. We chose to run the overall optimization approach, because it led to better re-

sults. Indeed, with the maxi-min approach, the municipalities with low population densities

and few hospitals were targeted first. Since these municipalities often have access to non

specialized hospitals, the only lever we had was to develop these smaller hospitals, which

could be very costly. The algorithm was ran on every region and the additional number of

stays was set to 3% of the current region’s overall activity and capped care centers to a 20%

maximum growth.

4.2.1 Optimization results in metropolitan France regions

Provence Alpes Cote d’Azur

We allocated 3,221 new stays in this region, corresponding to 3% of the overall activity. The

median accessibility in the region went from 0.0093 to 0.0103, a 11.1% increase. The results

are shown on Figure 4.1. Map (A) displays the accessibility delta (Aiafter − Aibefore) as well as

the care centers eligible to grow. Centers from cluster 8 were hidden since we considered

that they couldn’t provide any oncology activity. The algorithm identified a list of 26 care

centers where the oncology activity could grow to maximize the total accessibility in the

region. These centers are either public or private hospitals, primarily located in the Avignon

and Gap areas. The care centers located in high accessibility areas near Marseille and Nice
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Ile-de-France

In Ile-de-France, the additional activity was 5,826. 44 centers grew and 1 decreased. The

median accessibility before optimization was 0.0088 and 0.0089 after, corresponding to a

1.3% increase. Accessibility grew around Mantes-la-Jolie, Rambouillet, Melun, and Évry, on

the outskirt of the region, surrounding the Paris city. Looking at the map, it is harder to

distinguish specific areas that were developed, since the accessibility increase is much more

spread than in the other regions. This is probably due to the relatively high population den-

sities in the whole region. Developing the hospitals outside of the Paris city seems fair, given

the tedious drive that it would take to reach the city center from the suburbs, especially due

to the traffic. Moreover, the most specialized hospitals in Paris are often already saturated,

from patients living in Paris or coming from other regions in the case of rare cancers.

Hauts-de-France

In Hauts-de-France, the additional activity was 2,520. A total of 29 centers grew and 1 de-

creased. The median accessibility before optimization was 0.01 and 0.0102 after, corre-

sponding to a 2.1% increase. Accessibility mainly grew around St-Quentin and Valenciennes.

Similarly to the results in Ile-de-France region, it is relatively hard to distinguish precise ar-

eas where the accessibility was increased, and the accessibility delta is more evenly spread

around the region. However there are areas where the hospitals remained unchanged, in

Lille for instance or in the southern part of the region, in the Oise department, near Beau-

vais, Compiègne or Senlis. The two hospitals where the capacity increase were the largest

are Centre Leonard de Vinci, a private structure near Douai; CH Saint Quentin, a public hos-

pital. Both received around +500 capacity increase, bringing them to a total of roughly 3000.

Grand Est

In Grand Est, the Additional activity was 2,663. A total of 31 centers grew and 4 decreased.

The median accessibility before optimization was 0.0096 and 0.0099 after, corresponding to

a 3% increase. Accessibility grew around Troyes and Épinal. In this region, the municipali-
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like medical and surgery oncology, radiotherapy, or chemotherapy activity. Then, the addi-

tional capacity, maximum growth and decrease percentage are also editable. Finally, fine

tuning based on the clusters is possible. We can set the maximum capacity of the least spe-

cialized cluster, the maximum decrease of the highly specialized clusters and the maximum

capacity of care centers in intermediate clusters and without initial activity. We developed

the application using python programming language and Flask micro-framework. We used

the plotly and folium librairies for drawing the plots and maps. All these technologies are

free and open source.

A form, displayed on Figure 4.13, allows the users to choose the parameters for the

optimization algorithm. The form fields are:

• Region: The region where the optimization will be run on. The optimization is ran on

the whole metropolitan France to avoid border effect. However, care centers that are

not from the given region are not allowed to grow/decrease. Only the care centers and

municipalities from the given region and the surrounding departments are displayed.

• Supply variable: The variable to use as capacity for the accessibility score. This is the

value that will encode supply, balanced the population demand. We let the user chose

from multiple variables, to make sure different needs could be covered. The variable

choices so far are:

– Oncology activity: The supply variable equals the number of medical or surgery

stays related to cancer + the number of chemotherapy and radiotherapy patients.

This is the default variable, which was used in the previous methods and results.

– MCO activity: The supply variable is the number of medicine, surgery and obstet-

ric stays. With this supply variable, we no longer focus on oncology accessibility

only. The accessibility score is more global and should be interpreted more care-

fully.

– Chemotherapy activity: The supply variable in this case is the number of chemother-

apy patients per facility.
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– Radiotherapy activity: The supply variable is now equal to the number of radio-

therapy patients in the hospital.

– Oncology medical and surgery activity: This indicator is the number of medical

or surgery stays related to cancer. It is equal to the oncology activity without

chemotherapy and radiotherapy patients.

• Additional supply: The activity to be added to the current overall activity. Setting this

parameter to 0 will lead to an optimization constraint with "constant" activity, meaning

that a care center will have to decrease to let another one grow. If this number is set

between 0 and 1, the corresponding percentage of the current activity is added. e.g:

0.03 will add 3% of the current activity.

• Max growth percentage: The maximum growth percentage of a care center. If set to

20%, the care center will not be allowed to grow by more of 20% of its current activity.

• Max decrease percentage: The maximum decrease percentage of a care center. If set

to 20%, the care center will not be allowed to decrease by more of 20% of its current

activity. If set to 0, the care centers activity can’t decrease.

• Low cluster max capacity: The maximum capacity that the care centers from the least

specialized cluster can reach. If set to 0, these care centers can’t receive any activity

and will be emptied if they originally had some.

• High clustermax decrease: This is similar to the “max decrease percentage” parameter,

but only applied to the care centers from the most specialized cluster. If set to 0, these

care centers won’t be allowed to decrease.

• Maximum new capacity: The maximum capacity that the care centers with 0 activity

can receive, unless they are within the least specialized cluster. In this case, this pa-

rameter will be ignored and “low cluster max capacity” will be used.

Once the parameters are set, the optimization algorithm runs and displays the results on

an interactive map, as shown on Figure 4.14. The accessibility delta is displayed by default
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Finally, the list of hospitals in the region is displayed below the histograms. The orignal

capacity and modified capacity are shown, as well as the percentage of increase. The hos-

pital category and cluster are displayed, for better interpretation of the modifications. On a

separate web page, it is possible to get the list of municipalities and their accessibility scores,

for every region. An interactive map is also displayed below the table.

4.2.3 Open source code: application on the New York City hospitals

We open sourced the code for accessibility computation and CAMION algorithm. The code is

available in the following Github repository: https://github.com/ericdaat/CAMION. As an

example to showcase our package, we applied our method to Health Facilities in New York

City. We used datasets downloaded fromNYCOpen Data website, which lists free public data

from New York City agencies and other partners. We downloaded the Zip Codes boundaries

and census statistics in New York City, provided by the Department of Information Technol-

ogy and Telecommunications. We retrieved the list of health facilities in the New York State,

as well as their certifications for services and beds. Both datasets were provided by the New

York State Department of Health. We only kept the health facilities located in New York City,

with Medical / Surgical beds. Every hospital has Latitude / Longitude coordinates. We used

Zip Codes polygons centroids as reference point to compute the travel between Zip Codes

and hospitals. We used the Zip code population as Pi, to encode the demand variable. The

supply variable Su was the number of Medical / Surgery bed for each Health Facility u. We

used the geodesic (straight) distance between health facilities coordinates, and Zip Code

centroid coordinates as distance matrix. The previously cited datasets can be downloaded

on the following links: Zip Codes boundaries and census statistics in New York City; List of

health facilities in NY State; Health facilities certifications for services and beds.

In the following paragraphs, we describe the hospitals in New York City and provide code

snippets to run our method. We then display the accessibility scores and optimization re-

sults, similarly to what we did earlier for the different regions in metropolitan France. We

stress that the healthcare management is very different in the US and in France, so we do
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We now show how to use our package to compute the accessibility scores with the

E2SFCA algorithm. For clarity, we used randomly generated data, but a working exam-

ple on the New York hospitals is avaiable on the Github repository: https://github.com/

ericdaat/CAMION/blob/main/paper/methods.ipynb. For this example we sampled 100 fa-

cilities and 10 population locations. The travel impedance were also sampled, with values

between 1 and 100. The impedance weights have been set similarly to our paper, with

distance bins of 30, 60 and 90. Hence the maximum catchment area was set to 90. The

following code snippet illustrates how to initialize the data and run the algorithm.

Listing 4.1: Compute accessibility score with E2SFCA

1 from camion.fca import E2SFCA

2

3 # Declare variables

4 P_i = np.random.rand(100) # Facilities

5 S_j = np.random.rand(10) # Population locations

6 D_ij = np.random.randint(low=1, high=100, size=(100, 10)) # Travel impedance

7

8 # Init E2SFCA algorithm

9 e2sfca = E2SFCA(

10 S_j=S_j,

11 P_i=P_i,

12 D_ij=D_ij

13 )

14

15 # Choose weights for travel impedance

16 weights = [(30, 1), (60, 0.42), (90, 0.09)]

17

18 # Compute accessibility scores

19 A_i = e2sfca.compute_accessibility_score(weights)

In this paragraph, we describe the accessibility results that we obtained on the New York
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City dataset. The results are illustrated on Figure 4.16. The accessibility scores are displayed

on map (A) for every zip code in the city. Since the largest hospitals were located in the New

York county, it is no surprise that the highest accessibility scores are located in that area.

The Richmond county seems to have the lower accessibility values, as shown on boxplot (C).

The histogram (B) shows the accessibility distribution. We see that the majority of the zip

codes in New York City have a high accessibility score. Finally, scatter plot (D) compares the

accessibility scores with the population for every zip code. There does not seem to be a

correlation between both series, as even zip codes with lower population can have a good

accessibility, especially in the New York county.

After computing the accessibility scores, we are now interested in running the optimiza-

tion algorithm. As we did previously, we first show a code snippet on the previously randomly

generated data, and then we display our results obtained on the New York City dataset. In

the following code snippet, we first define the optimization parameters, namely the budget

and the maximum growth percentage for every facility. In this case, we picked a budget of

1,000 of beds, that will be spread between the 10 facilities. The growth percentage is set

to 30%, meaning that no facility can grow more than 30% of its current capacity. We then

initialize the optimization algorithm, which could either be overall optimization or maxi-min.

Both methods have similar code expressions.
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Listing 4.2: Optimize accessibility with CAMION

1 from camion.optimization import RegularOptimizer, MaxiMinOptimizer

2

3 # Define optimization parameters

4 budget = 1000

5 growth_percentage = 0.3

6

7 # Init regular optimizer

8 regular_optimizer = RegularOptimizer()

9

10 # Init maximin optimizer

11 maximin_optimizer = MaxiMinOptimizer()

12

13 # Run optimization with the optimization parameters

14 S_j_new_regular = regular_optimizer.run_optimization(

15 S_j, P_i, W_ij, budget, growth_percentage

16 )

17 S_j_new_maximin = maximin_optimizer.run_optimization(

18 S_j, P_i, W_ij, budget, growth_percentage

19 )

The Figure 4.17 displays the optimization results on the New York City dataset, using both

methods, namely overall optimization (A) and maxi-min (B). The differences between the

two optimization strategies are clearly visible. The overall optimization maximizes efficiency,

thus the algorithm focuses on areas where the population is higher, like New York or Kings

counties. On the contrary, the maxi-min approach focuses on equity, and will address the

areas with low accessibility scores first, like Richmond county for instance.
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4.3 Conclusion

In this chapter, we introduced CAMION, an optimization algorithm based on Linear Program-

ming (LP) to optimize the accessibility distribution. The accessibility was computed with the

Enhanced Two Step Floating Catchment Area (E2SFCA) algorithm as seen previously, but our

method can generate to more Floating Catchment Area derivatives. We introduced two opti-

mization strategies, that eithermaximizes efficiency or equity in the accessibility distribution.

When we applied our method in metropolitan France, we chose to optimize for efficiency

and the optimization task was to maximize the total accessibility instead of the minimum

value. We ran the algorithm on every region in metropolitan France and displayed the re-

sults on static maps. However, we believe that our method could have larger benefits if the

users could run the algorithm themselves with the parameters they judge best. For this rea-

son, we developed “oncology-accessibility”, a web application that embeds our results and

methods to let the users interact with our optimization algorithm and visualize the results

on interactive maps and figures. This way, several optimization strategies could be tested to

find the best approach to reduce disparities in accessibility to oncology care in the country.

Looking at the optimization results for every region, we observed two types of optimization

outcome. For most regions, the algorithm manages to find a couple of areas where the ac-

cessibility can be locally improved, like it did in Provence-Alpes-Cote-d’Azur near Gap and

Avignon. However, for regions like Ile-de-France and Haut-de-France, the hospital capacity

increase is more uniformly distributed across the region. Most of the time, the algorithm

left untouched the large care centers located in dense cities with good accessibility. This

can be explained by the relatively low value of the additional activity parameter: with a very

large value of additional activity, every care center will grow. If we keep it low, the algorithm

identifies in which areas hospital capacity should be increased in priority. The quality of on-

cology care is linked with the care centers’ volume. A care center with a very low activity is

less likely to provide decent care. As a result, INCA defined several thresholds that forbid

care centers with very low activity to keep operating. Similarly, the care quality in a saturated
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care center won’t be good either, since patients are more likely to wait longer before diag-

nosis or between interventions. While it is easy to spot care centers with low activity, it is

harder to judge if a care center is over-crowded, and we should be careful when attributing

new activity to the hospitals. We based the 20% max growth out of the previous centers’

activity increase. This percentage could be tailored to the center cluster or current activ-

ity. Volume is not the only factor determining care quality. More sophisticated indicators

like average delay between diagnosis and first treatment can tell whether a care center is in

line with the care pathways recommendations. Care centers with activities lower than the

thresholds, or with a large proportion of degraded pathways should be handled with care

by our algorithm. Accessibility optimization depends on many factors and healthcare pro-

fessionals will not have the same uses for our algorithm. Some may consider that for a care

center to grow another should decline, where others would rather not decrease any centers’

activities. Moreover, the healthcare planning is very different from a region to another, and

even within the regions departments are showing disparities. Hence, we cannot expect the

algorithm to be used with the same parameters on every region. For all these reasons, we

believe that providing a web application to run the algorithm and choose the parameters is

the most useful way to the help healthcare professionals improve the current situation.
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Chapter 5

Optimizing patients travel

This chapter will be part of a research article, currently being written.

5.1 Methods

5.1.1 Travel burden index

In this section, we detail our method for computing the travel burden score. We used the

PMSI database to identify which hospitals were the patients visiting from their population

locations. We kept population locations and hospitals located in metropolitan France only.

From these pairs, we retrieved routes from the Mapbox Directions API, with population lo-

cations as starting point and hospitals as destinations. We used driving car as the default

mean of transportation since most patients travel with personal car or taxi to the hospital.

The Mapbox API returns an array of routes ordered by descending recommendation rank.

We kept the first route for our analysis. From this route, the overall duration and distance

were returned directly by the API. Addition-ally, we extracted more variables: the number of

roundabouts and the road sinuosity. The road sinuosity was computed as the ratio between

the GPS distance and straight distance. The sinuosity is 1 for perfectly straight roads and

increases with the number of turns. We computed this ratio for every road leg and summed

them up to obtain the overall road sinuosity. We apply standard scaling (0 mean, unit vari-
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ance) on these 4 variables, and we ran a PCA on top of the scaled data. We used the first

PCA component as our score.

5.1.2 Carbon footprint estimation

We now explain how we estimated the CO2 emissions from a driving route. We only con-

sider the direct emissions, proportional to the traveled distance and car fuel consumption.

As mentioned earlier, we extracted the GPS routes between population locations and hos-

pitals. For each pair of locations, we have the number of patients and number of individual

stays. We use the number of stays as number of travels between population locations and

hospitals. We stored the overall distance extracted from the Mapbox API for each route.

However, we do not knowwhich car was used by patients during their visit to the hospital. In-

stead, the average CO2 emission rate obtained from the French Agency for the Environment

and Energy Management (ADEME) to estimate the emissions. Emissions were computed

for every pair of population locations and hospitals, as the product between the number of

patients stays, the GPS distance and the average CO2 emission rate. In 2018, the average

emission rate was 112 grams of CO2 per kilometer. We should mention that the 2018 aver-

age emission rate is calculated from the new cars sold that year. The average emission rates

for the previous years are available on the ADEME website. There is a downward trend, but

the number was roughly stable between 2014 and 2019, ranging from 114 gCO2/km to 112

gCO2/km.

5.1.3 Routing optimization

We focused on breast cancer patients only, since there are many hospitals capable of treat-

ing this pathology. Since we do not have very precise informations on the patients condi-

tions, we chose to optimize for a simple metric: travel distance. The idea was to simulate

what would happen if every patient traveled to the closest specialized hospital, while making

sure the hospitals capacities were not exceeded. We modeled this problem as an Optimal

Transport (OT) task. In the following paragraphs, we first introduce what is OT, and then
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explained how we applied it to our problem.

Optimal Transport (OT) is the study of the optimal transportation and allocation of re-

sources. It was introduced in 1781 by the French mathematician Gaspard Monge, [168] who

was interested in the problem of the optimal way of redistributing mass. The problem was,

given a pile of soil, how can it be transported and reshaped to form an embankment with

minimal effort ? During the World War II, the soviet mathematician Leonid Kantorovitch

brought major advances in the field [169], by allowing the mass to be split during trans-

portation. A couple of years later, George Dantzig introduced the Simplex Algorithm to solve

Linear Programs, including the Kantorovitch Problem. However, solving this Linear Program

becomes untractable whenever the dimension is large. In the recent years, an entropic reg-

ularization term was added to the OT formulation, allowing to find the optimum in a very

fast way [170], using the Sinkhorn-Knopp’s algorithm [171].

We now explain more formally how to solve the OT problem with entropic regularization.

Consider two distributions α and β, with respectively n andm points x and y, each associated

with positive weights ai and bj such that
∑n

i=1 ai =
∑m

j=1 bi = 1. The displacement of mass

between the two distributions can be described by a set of transport plan, or couplings,

defined on Equation (5.1). In this equation, the couplings U(a, b) are the set of transport

plan P ∈ R
n×m
+ , that satisfies the transportation of mass constraints P1m = a, P T

1n = b.

Intuitively, all the mass from the first distribution should be moved to the second distribu-

tion. Thus, summing on P column-wise or row-wise should return a and b. We seek to find

the transport plan P ∈ U(a, b) that minimizes the cost Equation (5.2). The first term in this

cost is the distance d(xi, yj)
p between the two points xi and yj . The next term is the En-

tropic Regularization, weighted by ǫ. The lower ǫ is, the closer we get to the non-regularized

OT problem. The minimum solution can be obtained with the Sinkhorn-Knopp’s algorithm

[171], as explained in [172, 170]. The output of the algorithm is the optimal transport plan

σ∗, that moves the input distribution to the output distribution in the most cost effective

way.
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U(a, b) = {P ∈ R
n×m
+ ;P1m = a, P T

1n = b} (5.1)

min
P∈U(a,b)

∑

i,j

d(xi, yj)
pPi,j + σPi,jlog(

Pi,j

aibj
) (5.2)

In our case, we want to find the optimal way to move patients from their n population

locations, to the m hospitals. The distance metric d(xi, yj) is the driving distance between

the municipality i and the hospital j. The weights a and b correspond to the populations and

hospitals capacities respectively. We normalized the populations and capacities so that a and

b sum to one. Thus, ai corresponds to the proportion of patients living in municipality i, and

bj to the proportion of patients that the hospital j can host. The σ∗ output matrix contains

the overall proportions of patients sent from the municipality i to the hospital j. We multiply

each element in this matrix by the total number of patients, and round the result to get the

number of patients traveling from the municipality to the hospital.

5.2 Results

5.2.1 Patients travel description

A total of 493,526 patients travels for 12 cancer types were included in the study. The num-

ber of distinct population locations was 5,606, and the number of distinct hospitals was 978.

The three most frequent pathologies were: malignant melanoma and other malignant skin

tumors (n=104,429 stays); malignant breast tumors (n=86,237 stays); and malignant tumors

of the digestive organs (n=81,440 stays). The rarest pathologies were malignant tumors of

the eye, brain, and other parts of the central nervous system (n=7,904 stays); malignant tu-

mors of mesothelial tissue and soft tissue (n=6,549 stays); and malignant tumors of bone

and articular cartilage (n=2,452 stays). We studied the median travel duration, median travel

distance, overall distance, number of distinct hospitals and CO2 emissions by cancer type

and hospital oncology specialization. To assess the oncology specialization of the hospitals,
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we used the oncology clusters defined in Chapter 2. Hospitals from clusters 1 and 2 are

the most oncology specialized hospitals, with all the key services such as cancer surgery, ra-

diotherapy, and chemotherapy. They also have the largest surgeries volumes and are often

specialized in even the rarest cancer types. Such hospitals are sparsely located, and often

placed in large cities. The hospitals from clusters 3 and 4 are less specialized and are in both

large cities and sub-urban areas. The full results are displayed in Table 5.1.

N stays Median duration Median distance Total distance N Hospitals % Hospitals CO2 Emissions

Cancer type

Malignant melanoma and other malignant skin tumors 104,429 21.56 16.18 3,214,375.72 894 91% 360.01
Malignant tumors of the eye, brain and other parts of the central nervous system 7,904 44.39 44.43 616,675.46 327 33% 69.07
Malignant tumors of the lip, oral cavity and pharynx 13,115 29.55 26.35 629,616.37 659 67% 70.52
Malignant tumors of the thyroid and other endocrine glands 9,059 27.57 22.68 405,445.77 564 58% 45.41
Malignant tumors of the digestive organs 81,440 24.31 20.18 3,330,910.43 858 88% 373.06
Malignant tumors of the male genital organs 47,472 24.68 20.66 1,869,128.99 815 83% 209.34
Malignant tumors of the female genital organs 29,501 25.75 21.48 1,249,403.48 799 82% 139.93
Malignant tumors of the respiratory and intrathoracic organs 30,228 31.71 28.69 1,523,374.66 758 78% 170.62
Malignant tumors of bone and articular cartilage 2,452 41.80 39.32 180,105.78 323 33% 20.17
Malignant tumors of the urinary tract 75,140 22.74 17.90 2,565,232.46 803 82% 287.31
Malignant breast tumors 86,237 24.94 20.26 3,290,349.47 810 83% 368.52
Malignant tumors of mesothelial tissue and soft tissue 6,549 33.35 30.04 402,222.65 677 69% 45.05
Hospital Cluster

Cluster 1: Oncology experts 121,890 33.33 29.73 6,586,967,47 79 8% 737.74
Cluster 2: Oncology experts 38,606 24.46 21.35 1,630,935,96 39 4% 182.66
Cluster 3: Hospitals without radiotherapy 244,493 22.73 18.03 8,377,446,27 451 46% 938.27
Cluster 4: Hospitals without radiotherapy nor chemotherapy 86,245 21.32 16.22 2,634,153,25 348 36% 295.03
Cluster 5: Hospitals with chemotherapy and radiotherapy only 7 15.13 12.17 137.79 2 0% 0.02
Cluster 6: Hospitals with chemotherapy and radiotherapy only 13 30.13 31.55 440.41 3 0% 0.05
Cluster 8: No oncology service 2,272 18.43 11.55 467,60.09 56 6% 5.24

Table 5.1: Patients travel description for each pathology. A total of 493,526 patients

travels for 12 cancer types were included in the study. The number of distinct population

locations was 5,606, and the number of distinct hospitals was 978. We studied the median

travel duration, median travel distance, overall distance, number of distinct hospitals and

CO2 emissions by cancer type and hospital oncology specialization. To assess the oncology

specialization of the hospitals, we used the oncology clusters defined in Chapter 2.

For more frequent cancer types, the patients travel remain relatively short, as there are

many hospitals with the required specialization. For instance, the shorter travels were for

skin tumors patients, with a median distance of 16.18 kilometers and a median duration of

21.56 minutes. Among all the hospitals included, 894 (91.4%) of them performed skin tumor

surgeries. However, for the less frequent tumors such as the eye, brain, and other parts

of the central nervous system, the patients’ travels were longer. Indeed, the median travel

duration was 41.8 minutes, and the median distance was 39.32 kilometers. Similarly, the

patients’ travels were longer when they visit more specialized hospitals, especially cluster 1,
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where the median duration is 33.33 km. Patients visiting hospitals from cluster 6 also tend

to experience longer travels, with a median duration of 30.13 km. The hospitals within this

cluster are hospitals with radiotherapy and chemotherapy activity, but no cancer surgery.

We studied the median driving duration based on the patient municipality of residence.

We discretized the median driving duration into 5 bins: < 30 mins; 30-60 mins; 60-90 mins;

90-120 mins; and > 120 mins. On Figure 5.1, map (A) displays the spatial distribution of the

median driving duration, in metropolitan France. The municipalities are filled with median

driving duration bins. We notice that the duration is lower for patients living in denser mu-

nicipalities (B). Indeed, the median driving duration for patients living in municipalities with

less than 30 inhabitants per km2 is 50.7 minutes; compared with 16.4 minutes for patients

living in municipalities with >200 inhabitants / km2. We then studied the median travel du-

ration based on patients municipalities density and visited hospital oncology specialization

(C). On the alluvium plot (C), we represented patients municipalities grouped by population

density on the left, and visited hospitals grouped by oncology cluster on the right. The rect-

angles sizes are proportional with the number of patients. We colored the alluvium flows

based on the median duration. As expected, the driving duration is lowest for patients liv-

ing in dense municipalities, regardless the hospital they visit. However, for patients living in

rural municipalities, the driving duration is higher, especially when they visit hospitals from

cluster 1, corresponding to the yellow flow on the plot (C).

5.2.2 Travel burden index

For each patient route, we obtained a travel burden score, expressed as a linear combination

between travel duration, travel distance, number of roundabouts and road sinuosity. The

weights are the loading scores of the input variables along the first principal component of

the PCA analysis. The higher the weight is, the more contribution the input variable has

in the component. The loading scores were: 0.57 for duration; 0.55 for distance; 0.32 for

number of roundabouts; and 0.52 for road sinuosity. The median travel burden score was

0.069, ranging between 0 and 0.98. We discretized the distribution into 5 quantiles with the
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the main roads location, as illustrated on Figure 5.5. We did not show the roads that with

were used by less than 5 patients during the year, for clarity. In this region, we recall that

the two largest cities are Marseille and Nice, and that the accessibility is the highest along

the coastline, where the higher population densities are. The road network is the most

developed on the coastline, as well as around cities like Avignon and Gap. The areas that

had low accessibility scores have high travel burden scores, which makes sense since the

travel burden score was party computed with the travel duration to reach the hospitals.

However, we notice that some areas that had decent accessibility scores can have average

or high average travel burden scores. This is probably due to the sinuosity of the roads,

notably in the Var department, or in the north of Nice city. The roads in these areas are

often small, with a lot of turns and roundabouts, increasing the travel tediousness. Overall,

the travel burden score is lower for municipalities near the main roads.

5.2.3 Carbon footprint of patients travel

The overall carbon emissions associated with the included travels in this study was 2,159

tons of CO2. The total emissions per cancer type vary between 373 tons for malignant tu-

mors of the digestive organs, and 20 tons for malignant tumors of bone and articular car-

tilage. Despite being the cancer type with the most stays, malignant melanoma and skin

tumors do not represent the highest carbon footprint (Figure 5.6). Indeed, the 104,429 stays

in this pathology are associated with 360 tons of CO2 emissions; where the 81,440 stays re-

lated to malignant tumors of digestive organs are associated with 373 tons of emitted CO2.

The three cancer types with the most stays represent nearly 50% of the overall carbon emis-

sions.

The average CO2 emissions per travel increased with the rarity of the cancer and the

scarcity of hospitals habilitated to treat this disease (Figure 5.7). Indeed, the average CO2

emissions were the lowest for malignant melanoma and other malignant skin tumors, which

had the highest amount of stays (A) and specialized hospitals (B). The rare cancers like bone

or eye cancer had the highest average carbon emissions.
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The line width is proportional to the number of patients sent from a population location

to an hospital. Since the algorithm minimized the traveled distance, patients tend to visit

the closer hospitals. Plot (B) displays the overall traveled distance, and we notice that the

optimization process nearly halved the overall distance. The average traveled distance per

patient went from 34.5 km to 21.9 km, a 36% decrease. The overall carbon footprint similarly

decreased from 293,009 tons of CO2 to 186,141 tons of CO2. We compared the travel dis-

tance distribution before the optimization (C) and after (D), and notice that very few patients

travel further than 250 km with our method.

The alluvial plots on Figure 5.11 display the travels flux between population locations

on the right, and hospitals on the left, in the Bouches du Rhone department (PACA region).

The boxes are sized by the number of patients living in the municipalities and treated in the

hospital. The boxes are sorted by decreasing number of patients. The paths are sized by the

number of patients who traveled from the population location to the hospital, and colored by

the travel burden quantile. The first alluvial plot on the left (A) displays the routes before the

optimization, and the second chart shows the new routing after the OT algorithm (B). Before

the optimization process, the travel burden scores were higher for municipalities with lower

populations, i.e. located to the bottom of the figure. We also notice that the proportion of

patients with more tedious travels is higher for the larger hospitals, especially “Institut Paoli-

Calmettes”, which is the most specialized in oncology care within the department. After

the optimization algorithm was ran, the proportion of patients with higher travel burden

decreased. We also notice that patients are routed more homogeneously. Indeed, patients

within the same municipality tend to be sent to the same hospitals.

5.3 Conclusion

We report longer travels for patients living in rural areas. The hospitals specialized in oncol-

ogy tend to receive patients from more distant population locations. Finally, patients with

less frequent cancers are forced to travel further due to the limited number of hospitals that
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could be created to spread the more up to date knowledge outside the urban hospitals.

However, this will be more complicated for rare cancers, where expertise is scarce and con-

centrated in the larger hospitals. On a carbon footprint perspective, we believe the lower

number of concerned patients makes it less of a priority. Finally, we simulated the case

where every patient would travel to the closest hospital, provided we do not exceed the

hospitals maximum capacities. We showed that the average driving distance and CO2 emis-

sions were reduced by 36%. While these results are promising, only minimizing the traveled

distance is not sufficient to route the patients to the optimal hospital. More factors should

be taken into account, such as hospital specialization, quality of care, and detailed patients

characteristics. By comparing the number of patients by hospital before and after the op-

timization algorithm, we noticed that the largest and most specialized hospitals received

less patients than before. These hospitals are often saturated, and lowering the number

of patients they receive could benefit them as well as the patients treated there. These

new vacancies could also be filled by patients with more complicated cases or rare cancers

that require a specific expertise that not every hospital have. We are now interested in the

global effects of our optimization algorithm. A tradeoff should be found between travel dis-

tance and patient-hospital affinity. The case we presented where the patients traveled to

the nearest hospital is the most optimistic situation, and despite this the driving distance

and associated CO2 emissions are “only” reduced by 36%. Only considered surgery stays

were considered here, thus telemedicine will not be usable to reduce the footprint. The only

lever to reduce the associated carbon footprint is the average CO2 consumption of the driv-

ing vehicles, which will probably drop with the democratization of the electric cars. To sum

up, the results of the travel analysis for cancer patients in metropolitan France concur with

the effects of centralization of care observed in the literature, where patients living in rural

areas tend to experience longer drives, that are also more tedious.
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Chapter 6

Transparency in healthcare

This chapter will be part of a research article, currently being written.

6.1 Methods

With these evidences of healthcare information needs, we developed Healthcare Network,

a web application that lists every hospital in France, and displays key statistics on them.

The application is directed to either health professionals or patients. Health professionals

might use it to gain insights about specific hospitals, and look for the best place to send their

patients when they lack expertise. Patients could learn more about the hospital they have

been sent to, check the care quality or surgery volume.

To create the Healthcare-Network web application, we centralized the several datasets

into databases. We then built the backend of the application with Python and Flask frame-

work, while the frontend was coded with HTML and CSS from the Bootstrap library. We used

two databases: a relational database (MySQL) and a no relational database (Mongo DB). In

Mongo DB, we stored the datasets to draw the interactive maps in the application. We used

the geojson format, which works well with Mongo DB. All the other datasets are stored in

the relational database. There are roughly 40 tables in the relational database. The most

used tables are statistics on the hospitals and on the municipalities. We chose to use the
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same legal entity are governed by the same administration, but spread among multiple ge-

ographical sites. Hospitals in large cities such as Paris, Marseille or Lyon have most of their

largest hospitals belonging to the same legal entity. For instance in Paris, the AP-HP legal

entity gathers 39 hospitals spread across the Ile-de-France region. The hospital location is

shown on an interactive map, where the user can zoom in and out, and addmore indicators,

including:

• The municipalities populations and median salary. These indicators are a way to gain

insight about the hospital neighborhood, and neighboring demand. To display these

indicators, we color the municipality according to the indicator value.

• Patients provenance. We display the number of patients who visited this hospital per

municipalities within a year. Through this, it is easy to evaluate how influent and impor-

tant an hospital is, based on how many patients it is draining from further population

locations. Usually, small local hospitals tend to receive patients from their immedi-

ate neighborhood; where large hospitals specialized in oncology like Institut Curie or

Institut Gustave Roussy will treat patients from many different regions.

• Other hospitals from the same GHT. We display on the map the other hospitals that

share the same information system. With this information, we can evaluate how close

this hospital is to other hospitals where it would be easy to transfer patients if the

desired pathology is not treated in this hospital.

• Other hospitals that shared patients with this hospital within a year. We call this ’co-

occurrences’, and a higher number shows that two hospitals seems to work closely

together. For instance, one hospital might handle the cancer surgery and send their

patients to another hospital for radiotherapy. Identifying hospitals that frequently ex-

change patients is a good way to find alternative hospitals for certain pathologies.

There is also a high chance that these two hospitals communicate frequently with each

other, making it easier to send patients and keep track of what happened in their path-

ways.
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insignificant part of the population. The full benefits of a more connected and transparent

healthcare will show when the more deprived populations can access such tools.
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Chapter 7

Sinkhorn Matrix factorization with

Capacity constraints (SiMCa)

This chapter is part of a research article currently released as a preprint on arXiv.

7.1 Related work

Hospital and practitioner recommendation has already been studied in the literature (see

e.g. the survey [177]). However, to the best of our knowledge, no existing method incorpo-

rates hospital capacity constraints in the algorithm training. This tends to refer many users

to the same hospital, potentially saturating it and degrading the overall care quality.

Matrix factorization [132] is among themost popular collaborative filtering recommenda-

tion algorithms. Matrix factorization characterizes every user i and item j by high-dimensional

embeddings ui, vj , and predict the user-item affinity by the inner product 〈ui, vj〉. Thismethod

has already been applied for patient/doctor recommendation [178, 176]. However, regular

matrix factorization is usually applied to simple recommendation problems, such as movie

recommendation: as already explained before, recommending locations brings new chal-

lenges and requires a different approach [134].

Geographical influence has been integrated in the matrix factorization framework to rec-

163

https://arxiv.org/abs/2203.10107


ommend locations or points of interest (POIs) [181]: moreover, the learning algorithm can

be adapted by adding a capacity term in the loss function [133].

The Monge-Kantorovitch formulation of the classical OT problem can be rephrased as a

linear program that can be computationally slow and unstable in high dimension [170]: this

problem is often approximated by adding an entropy regularization term, and easily solved

by Sinkhorn-Knopp’s algorithm [170]. Another important advantage of this regularization is

that the solution of the OT problem becomes differentiable with respect to the parameters,

which explains why this step is integrated in many learning algorithms [182, 183, 184].

Most relevant for the present paper is the work from Dupuy, Galichon and Sun [185]. In

this study, the authors address the inverse optimal transport problem, that is, given vectors

of characteristics X ∈ R
d and Y ∈ R

d′ and the joint distribution of the optimal matching,

the problem of recovering the affinity function of the form φ(X,Y) = X
T
AY, namely to

estimate matrix A. The authors are in the setting where they observe pairs of embeddings

(Xt,Yt) together with the optimal regularized matching π∗ – that is the solution to problem

(7.2) hereafter – and build an estimator of A with low-rank constraints, the objective being

to isolate important characteristics that carry the most important weight in the matching

procedure between x and y. We stress the fact that the setting is different in our study: we

only observe in our case the embeddings U of the users and a distance matrix D, function

φ is known as well as the pure matching σ∗ – that is the solution of the linear assignment

problem (7.1) hereafter, which differs from π∗ – and the aim is to infer item embeddings V.

In other words, we do not seek to reconstruct the affinitymatrix, but for the learning of items’

positions in the user’s embeddings space, these positions acting as reference points, upon

which prediction of future allocations can bemade. Another difference is that the number of

items is typically very small compared to the number of users, which justifies that the items

are considered static: we also incorporate capacity constraints on the allocation problem.
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7.2 Problem definition

A model for latent and geographical affinity

The setting of the problem is as follows. Consider n users x1, . . . , xn embedded in a latent

space X identified to R
d, with embeddings given by U1, . . . ,Un. Also consider m items

y1, . . . , ym embedded in X with embeddings V1, . . . ,Vm, with m ≤ n. To each user xi we

assign a single item yj , according to an affinity matrix M ∈ R
n×m given by

Mi,j := Φ(Ui,Vj,Di,j),

where D ∈ R
n×m is known and may be thought of e.g. as a geographical distance matrix

between users and items in the underlying euclidean space, say R2 (we stress the fact that

this space is not the embedding space X ). We will denoteM = Φ(U,V,D) in the sequel.

We also work under the following constraints: each item yj, j ∈ [m] can be assigned to at

most Cj users. Where C = (C1, . . . ,Cm) is capacity vector. The total capacity is defined by

s(C) :=
∑

j∈[m]

Cj,

and we will assume s(C) = n. We define

Σ(n,m,C) :=
{
σ ∈ {0, 1}n×m , σ1m = 1n, σ

T
1n = C

}
.

In the sequel, σ will denote both the assignment and its corresponding matrix representa-

tion. The optimal assignment σ∗ is given by

σ∗(U,V,D,C) := argmax
σ∈Σ(n,m,C)

Tr
(
σT

M
)
, (7.1)

Note that problem (7.1) is an instance of the Linear Assignment Problem (LAP).
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Goal

Assume that we are given the user embeddings U, the distance matrix D, the capacities C

and the optimal assignment σ∗ ∈ Σ(n,m,C). The goal is to learn the item embeddingsV.

Loss metrics, regularization and relaxation

We will evaluate the performance of a proposed estimate V̂ ofV through the assignment π̂

obtained with V̂. To compare π̂ with σ∗, we use the usual cross entropy loss defined by

H(σ∗, π̂) := −
∑

i∈[n]

log π̂i,σ∗(i) = −Tr
(
(σ∗)T (log π̂)

)
.

As stated before, from a learning perspective, a main issue is that the solution to prob-

lem (7.1) is not differentiable w.r.t. V, the variable of interest. This issue is solved by a

relaxation/regularization procedure [170]:

• since the objective function is linear, we first consider the classical relaxation of (7.1)

on the polytope of the convex hull of Σ(n,m,C), namely on

Π(n,m,C) :=
{
π ∈ [0, 1]n×m, π1m = 1n, π

T
1n = C

}
.

• moreover, we regularize the objective function in order to perform (automatic) dif-

ferentiation: this is made possible by the classical entropy regularization in optimal

transport.

For a small regularization parameter ε > 0, the problem then becomes

π∗
ε(U,V,D,C) := argmax

π∈Π(n,m,C)

[
Tr

(
πT

M
)
+ εH(π)

]
, (7.2)

where

H(π) := −
∑

1≤i,j≤n

πi,j(log πi,j − 1). (7.3)
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It is known in the literature [170] that the solution π∗
ε to the convex optimization problem

(7.2) can be easily computed with Sinkhorn-Knopp’s algorithm, and has the following form:

(π∗
ε)i,j = ai exp

(
1

ε
Mi,j

)
bj, (7.4)

where a and b are vectors of Rn
+ and R

m
+ . Note that we are back to our initial problem (7.1)

when ε = 0.

SiMCa Algorithm

With this new formulation (7.2), we are now able to design an optimization scheme for our

learning problem. In our setting the users embeddings U, the distance matrix D and the

capacities C are known, only the items embeddings V are learned. The overall procedure

is summarized in Algorithm 1. Given the current estimate Vt at iteration t, we compute the

solution π∗
ε(Vt) to problem (7.2), which in turn is used to compute the gradient in Vt of the

following loss

loss(Vt) := H (σ∗, π∗
ε(Vt)) (7.5)

to update our estimate ofV through a gradient step. The gradient inV has actually a simple

analytical expression:

Lemma 1. We have

∇Vloss(V) =
1

ε

∑

1≤i,j≤n

(π∗
ε(V)− σ∗)i,j∇VMi,j . (7.6)

Proof. A very similar expression for the gradient is derived for the maximum likelihood in

[185]. We straightforwardly adapt their derivation to the cross entropy loss (7.5). Let us

denote

Vε(M) = max
π∈Π(n,m,C)

[
Tr

(
πT

M
)
+ εH(π)

]
(7.7)

the optimal value of the regularized OT problem (7.2). As well-known in the OT literature,
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see Proposition 9.2 of [172], its gradient with respect to the affinity matrixM is given by the

optimal coupling
∂

∂Mi,j

Vε(M) = (π∗
ε)i,j. (7.8)

Our cross-entropy loss (7.5) is directly related to the optimal value Vε(M):

loss = H (σ∗, π∗
ε) = −

∑

i,j

σ∗
i,j ln(π

∗
ε)i,j

1
= −

∑

i,j

σ∗
i,j(

1
ε
Mi,j + ln ai + ln bj)

2
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j −

∑

i,j

(π∗
ε)i,j(ln ai + ln bj)

3
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j −

∑

i,j

(π∗
ε)i,j(ln(π

∗
ε)i,j −

1
ε
Mi,j)

4
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j − s(C)

−
∑

i,j

(π∗
ε)i,j(ln(π

∗
ε)i,j − 1) +

∑

i,j

(π∗
ε)i,j

1
ε
Mi,j

5
= −s(C) + 1

ε
[Tr(π∗T

ε M) + εH(π∗
ε)− Tr(σ∗T

M)]

6
= −s(C) + 1

ε
[Vε(M)− Tr(σ∗T

M)].

The first and third equalities follow from (7.4), the second and fourth from σ∗, π∗
ε ∈

Π(n,m,C), the fifth from the definition (7.3) of H(π) and the sixth from the definition (7.7)

of Vε(M). Then differentiating with respect toV leads to (7.6) by the chain rule and (7.8).

The performance of our method is guaranteed by the following:

Lemma 2. Assume that v 7→ Φ(u, v, d) is linear. Then the loss function (7.5) is convex in V and

the output of SiMCa Algorithm (Algo. 1) converges to

argmin
V

H (σ∗, π∗
ε(V)) .
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Algorithm 1 SiMCa

Input: U,D,C, σ∗

For t = 1 to T :

1. Compute the affinity matrixMt−1 = Φ(U,Vt−1,D).

2. Compute the solution to the optimization problem (7.2):

π∗
ε(Vt−1) := argmax

π∈Π(n,m,C)

[
Tr

(
πT

Mt−1

)
+ εH(π)

]
.

3. Compute the gradient∇loss(Vt−1) with equation (7.6).

4. Perform a gradient stepVt = Vt−1 − η∇loss(Vt−1).

returnVT

Proof. The proof of Lemma 1 shows that

loss(V ) = −s(C) + 1
ε
[Vε(M)− Tr(σ∗T

M)].

Since V 7→ Φ(U, V,D) is linear, V 7→ Vε(M), as defined in (7.7) is convex as a maximum of

convex functions. By assumption, V 7→ Tr(σ∗T
M) is linear, thus V 7→ loss(V ) is convex.

7.3 Illustration for the hospital recommendation problem

We now describe an illustration of our method for the hospital recommendation problem.

Since very few open datasets are available for this problem, we trained our algorithm on

synthetic data.

Dataset generation

The dataset is generated as follows:

• Features in the embedding (latent) space: we sample n+m points from a Gaussian
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mixture model with k clusters. We set these points as either users (Ui) or items (Vi),

and considered that each cluster must contain at least one item: we are thus left with

n users and m items, spread between k clusters. Users and items in the same cluster

are considered similar. We then normalized both users and items features, so that all

embeddingsUi andVj lie on the unit sphere. Note that the users and items sampling

is done independently of items capacities.

• Distance in the underlying euclidean space: to sample the distance matrix D be-

tween users and items, we sample all the positions randomly on a circle, and computed

the great-circle distance (i.e. spherical distance) between every users i and items j. We

finally normalize the distance matrix by its overall mean.

• Capacities we sampled m values from a Dirichlet Distribution, corresponding to the

probabilities that users are assigned to them items. We converted these probabilities

into capacities Cj by multiplying them with the number of users n. We then added

some extra spots to each item.

Affinity matrix

In our case, the affinity matrixM = Φ(U,V,D) is defined as follows:

Mi,j = Φ(Ui,Vj,Di,j) = (1− α)UT
i Vj − αDi,j. (7.9)

The α coefficient measures the trade-off between affinity and proximity.

We then solve the Linear Assignment Problem (7.1) to compute the pure matching σ∗.

Noise

Noise is added to the original dataset in two different ways. The first method is to modify

the allocations of random users in σ∗, the noise ratio being defined as the percentage of
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modified allocations1. The second method consists in perturbatingU as follows:

Ũ :=
√

1− ρ2U+ ρZ,

where Z is a matrix with i.i.d. standard Gaussian entries, and ρ is the noise ratio.

Learning the embeddings

Given U, D, C, σ∗, α and ε, we compute an estimate V̂ of the item embeddings with SiMCa

Algorithm (Algorithm 1). Comparing V̂ with V gives a first measure of the training perfor-

mance.

Recovering the pure matching

Then, using Ũ (the noisy version of U), V̂ (the estimated V), D, α and ε, we compute the

solution π̂∗
ε to problem (7.2). Solving the LAP on matrix π̂∗

ε , we compute a pure matching

σ̂∗, which we can next compare to the original σ∗, giving a second measure of the training

performance.

7.4 Results

Parameters

We generated a toy dataset with the following parameters: n = 1000 users; m = 3 items;

d = 2 latent features; k = 3 clusters; α = 0.3. The items capacities were 257, 417 and 356.

Figure 7.1 shows the generated users and items in both the embeddings (latent) space and

their underlying euclidean space.

1to make sure that the capacities constraints on the items still hold, we must swap pairs of users: for a given
allocation to modify, we pick another user randomly and swap their allocations.
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Conclusion

Contributions

We recall that the purpose of this thesis was to study the geographical and socio-demographic

disparities in oncology care pathways, in metropolitan France.

In the first chapter, we described the hospitals available in the country, and character-

ized them regarding oncology specialization. That characterization process was automati-

cally performed through an unsupervised clustering algorithm, trained on hospitals statistics

from the SAE public survey. We were then able to differentiate the most suited hospitals for

oncology care, and isolate the hospitals that had no oncology activity. Then, we studied the

collaborations between these hospitals, measured by the number of patients who visited a

common hospital during their pathways. From this collaboration dataset, we could discover

communities of hospitals that frequently exchange patients together. These communities

contain hospitals with different degree of oncology specialization. This information could be

a starting point to creating oncology collaboration groups, consisting in hospitals working

together to make sure the hospitals with less expertise are continuously trained by more

specialized hospitals.

In the next chapter, we studied the accessibility to oncology care centers in metropolitan

France. We computed an accessibility score for every municipality in metropolitan France.

The score reflects how easy it would be for patients from a givenmunicipality to reach an on-

cology specialized hospital. This score is based on a weighting between supply and demand,

as well as travel impedance. We described the spatial distribution of this score, which was

higher in dense areas, near the most specialized hospitals, identified through the clustering
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step.

Then, we proposed an optimization algorithm to identify which hospitals to grow in order

to maximize the oncology accessibility. This algorithm took as input the current accessibility

distribution, as well as some user-defined constraints. Such constraints may include a max-

imum hospital growth percentage, based on the current hospital oncology specialization.

Through this optimization process, we identified a list of hospitals that should be grown in

priority to improve the oncology accessibility distribution. The results were detailed for every

region. We packaged our method into a web application, that could be used by healthcare

professionals to run simulations and eventually improve the healthcare planning, benefiting

millions of patients.

The previous work on oncology accessibility did not directly studied the actual cancer

patients routes. In the next chapter, we extracted all the visited hospitals during the path-

ways of cancer patients, and described the duration and distance traveled based on the

patients residence. These results validated our oncology accessibility score since travel du-

rations were longer in areas with low accessibility scores. Longer travels were shown to have

a negative impact on the patients prognosis and treatment. Moreover, long travels often

increases patients fatigue, due to the travel burden. We argued that travel duration was not

the only factor to consider when studying the tediousness of a journey. We built a compos-

ite indicator to reflect the travel burden of a route, based on duration, distance and road

sinuosity. We showed that patients living in rural areas had higher travel burden, due to

the longer drives they experienced, as well as the lower road quality and higher sinuosity.

Finally, we proposed an algorithm that simulates a setup where every patient would visit the

closest specialized hospital, while making sure the hospitals capacities were not exceeded.

We showed that this approach could reduce the average driving duration by 36%, as well as

the associated carbon footprint of the journey.

Although, in practice, patients are oriented to an hospital by their general practitioner.

There are multiple evidences in the literature that patients are not satisfied with the level

of information they receive during their pathways. In cancer care, some patients could be
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sent to the wrong hospital, without them noticing. When that is the case, the hospital could

either be a well suited hospital, but unnecessarily far from the patient residence; or an hos-

pital that is not experienced enough in the patients pathology. For these reasons, we built

“healthcare-network”, a web application that lists all the hospitals in metropolitan France,

and displays key statistics on them. The application could be used by patients to learn more

about the hospitals around them, and by health professionals, to make sure the hospital

they are sending their patients are well suited for their pathologies. We believe such tool

could incentivize physicians to send patients closer to their location of residence. Moreover,

bringing more transparency to oncology care could be a way to reduce disparities, provided

that all the population has an equal access to these online tools.

Future work

Our oncology specialization clusters could be used in further research to assess whether

the oncology care pathways are more often degraded in hospitals from the least special-

ized clusters. For instance, our clusters could be the input variables of survival analyses, to

assess whether there are significant variations in the prognosis based on the oncology spe-

cialization of the chosen hospital. More research could also be done on the effectiveness

of collaborations between the oncology communities we discovered. These communities

are a first proposition of hospitals candidates that could work together to better treat pa-

tients in the neighboring municipalities. Similarly, our accessibility scores could be used in

survival analyses, to assess whether patients living in the areas with low accessibility scores

have more degraded pathways and lower prognosis. Regarding the web applications we

developed, they could be introduced to healthcare professionals in France, like the Regional

Health Agencies (ARS), responsible of the organization and the coordination of the hospitals

in the country. Working closely with these professionals would allow to adapt our tools to

their needs, so they can eventually be used in practice to take concrete decisions on the

planning of care in the country.
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two hospitals 1 and 2 during its pathway, we count a co-occurrence between
these hospitals. The more patients visit two distinct hospitals, the stronger the
co-occurrence link is. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.3 Co-occurrence graph between the hospitals. Hospitals are represented as
nodes, and edges are weighted by the number of co-occurrences between
them. On this graph, there are two communities colored in blue and red that
we would like to retrieve. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
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2.4 PCA interpretation. Care centers are showed as points in the 2-dimensional
PCA space. Points are colored by cluster index (A) and hospital type (B). CLCC
care centers are close together in the PCA space, proving they have similar ac-
tivity and services distribution. PCA components are a linear combination of
the input variables (C). The loading scores reflect how much the input variable
contributed to the PCA component. Component 1 is associated with most of
the variables, while component 2 is linked with radiotherapy variables. Hence,
we interpret component 1 as hospital size and component 2 as oncology spe-
cialization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.5 Distribution of the care centers services and equipment per cluster. Each
radar plot axis shows the percentage of the care centers within the cluster
that have the corresponding attribute. In Cluster 1, the care centers have all
the listed services. In cluster 8, the centers have almost none of the services.
Care centers from cluster 1 (n=79) and cluster 2 (n=39) are the most suited for
oncology care. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

2.6 Comparison between hospital types and assigned clusters. The majority
of the CLCC care centers are grouped together in cluster 1. Moreover, cluster
1 has a very low percentage of private hospitals, whereas this proportion is
the much higher in cluster 2. “Other” care centers are mostly private practice
radiotherapy structures, and they are regrouped in cluster 7. . . . . . . . . . . 56

2.7 Cumulative sum of the oncology activity, per cluster. Most of the oncology
activity is handled by care centers from clusters 1 and 3. While there are only
n=79 care centers in cluster 1, their total activity is almost as large as the n=451
care centers from cluster 3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

2.8 Care centers spatial distribution, comparedwith population density. Pop-
ulation density in metropolitan France is unevenly distributed across the coun-
try (A). Areas in the middle, near the Pyrenees and the Alps have very low pop-
ulation densities. The most specialized care centers are in dense areas and
in large municipalities (B). While Ile-de-France has the highest number of care
centers, it has the least care centers per 100,000 inhabitants. . . . . . . . . . . 59

2.9 Community detection in France, learned on the co-occurrence matrix.

The hospitals are displayed as pictograms, sized by their oncology activity, and
colored by the retrieved community, corresponding to the DBSCAN cluster.
The links between the hospitals are the co-occurrences, and we only displayed
links with more than 60 co-occurrences for clarity. . . . . . . . . . . . . . . . . 60

2.10 Description of the discovered communities. A total of 26 communities were
discovered by the DBSCAN algorithm. The barplot (A) displays the number of
hospitals per community, and oncology specialization cluster. The next plot
(B) displays the oncology activity per community and hospital cluster. Plot (C)
illustrates the geographical spread of the communities, to assess whether the
hospitals are located closely to each other or far apart. . . . . . . . . . . . . . 61
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2.11 Community detection in France, focus on the single community “2”. The
hospitals are displayed as pictograms, sized by their oncology activity, and col-
ored by the oncology specialization cluster. . . . . . . . . . . . . . . . . . . . . 62

3.1 Accessibility scores distribution. The accessibility was lower with E2SFCA be-
cause of the weight decay. We also studied the influence of the supply variable
in the accessibility score. Accessibility is much higher if we use the number of
MCO stays as supply, instead of the oncology activity. This makes sense since
oncology care centers are less common and the overall MCO activity is higher
than the oncology activity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.2 Distribution of the accessibility score computedwith the E2SFCA, inmetropoli-

tan France. Plot (A) shows municipalities colored by accessibility quantile. The
care centers are drawn as squares, colored by cluster, and sized by oncology
activity. Plot (B) shows the total population by accessibility quantile. Plot (C)
displays the percentage of care centers by cluster by accessibility quantile. Plot
(D) shows the top 10 and bottom 10 list of the departments, ranked by median
accessibility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.3 Comparison of population density with accessibility scores and patient

average travel time for cancer pathways. Showing results in three regions:
Provence-Alpes-Cote-d’Azur (A, D), Ile-de-France (B, E) and Bourgogne-Franche-
Comté (C, F). Municipalities are drawn as squares, sized by population density
and colored by either accessibility quantile (A, B, C) or patient average travel
time (D, E, F). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

3.4 Accessibility distribution in Provence-Alpes-Cote-d’Azur region. Map (A)
shows the region accessibility distribution per municipality. Map (B) displays
the population density discretized in 5 bins. The map on plot (C) displays the
average travel time for cancer pathways. Large roads (primary, motorway and
trucks) are drawn in red. Plot (D) shows the accessibility distribution per de-
partment of the region. Plot (E) shows the accessibility distribution by munic-
ipality population density and department. Plot (F) compares the accessibility
score from municipalities with the average travel time for cancer pathways. . 76

3.5 Accessibility distribution in Pays-de-la-Loire. The accessibility distribution
in this region is high, and the amount of municipalities with Q5 accessibility
score is very low. The median accessibility is the highest in Loire-Atlantique
department, especially around Nantes; or in Maine-et-Loire near Angers. The
lowest median accessibility is in Mayenne, where the main city is Laval. The
accessibility is lower in the northern part of this department, where the popu-
lation density decreases compared to the rest of the region. . . . . . . . . . . 78

3.6 Accessibility distribution in Occitanie. The areas with the highest accessibil-
ity scores are concentrated in the large urban areas and their catchment areas,
notably in the center of the region around the city of Toulouse and Montauban
in the Garonne basin, as well as along the coastline in the east of the region
around the cities of Nîmes, Montpellier, Béziers, Narbonne and Perpignan. . . 80
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3.7 Accessibility distribution in Nouvelle-Aquitaine.The areas with the high-
est accessibility scores are mainly located around the above-mentioned large
and intermediate cities. Also, the areas with accessibility scores Q1 and Q2
are mainly located in territories with low or very low population density. The
Nouvelle-Aquitaine region seems to provide relatively widespread access to
cancer care for its population. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.8 Accessibility distribution in Normandie. . . . . . . . . . . . . . . . . . . . . 84

3.9 Accessibility distribution in Ile-de-France.Île-de-France has good accessibil-
ity over the vast majority of its territory. Indeed, 63.8% of the population of
IdF is located in an area with a maximum accessibility score, and almost no
population is located in an area with a minimum accessibility score Q1 or even
Q2. Also, although only 9% of the territory’s surface is identified as having a
Q5 score and 15% as having a Q1 score, the minimum accessibility zones are
not very densely populated, which only affects a very small part of the region’s
population. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.10 Accessibility distribution in Hauts-de-France. The accessibility zones are
relatively evenly distributed over the territory, although the best accessibility
in this department is mainly in the urban and periurban area of Lille. Travel
time averages 30 minutes over most of the region, with the exception of the
northern end of the region in the Aisne department and the northeastern part
of the same department, where travel time averages 60 to 90 minutes . . . . 87

3.11 Accessibility distribution in Grand-Est. We notice good accessibility scores
in the eastern half of the region in the departments of Moselle, Meurthe et
Moselle, Bas-Rhin, Haut-Rhin, particularly around the large agglomerations
(Strasbourg, Nancy, Metz, Colmar). Indeed, 41% of the population of the Grand
Est is in an accessibility zone of Q5 and only 7.5% in a Q1 zone. The lack of ac-
cessibility in the western part of the region is more pronounced due to the low
or very low density areas that are more common in these departments. . . . . 89

3.12 Accessibility distribution in Centre Val de Loire. The accessibility of the
whole region is relatively lower than in other regions observed so far. Many
areas have a low or very low accessibility score despite a medium population
density. Areas with low or very low population density can have a very low
accessibility score, although low-density areas of the Cher have a score around
the Q3 quantile. Only the city of Tour and its vicinity shows a maximum level
of accessibility, as well as some surrounding parcel areas in the department
of Loir-et-Cher around the city of Blois and in the department of Cher around
Bourges. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.13 Accessibility distribution in Bretagne. . . . . . . . . . . . . . . . . . . . . . . 93
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3.14 Accessibility distribution in Bourgogne-Franche-Comté. The departments
of Côte-d’Or and Doubs have the best accessibility, especially around densely
populated urban areas such as Dijon or Besançon. Some areas of the region
have a low accessibility quantile Q1 and Q2 which cover 37.3% and 16.4% re-
spectively of the regional territory, i.e. more than half (53.7%) of the area is rec-
ognized with a level of accessibility to cancer care. The areas with low or very
low accessibility are located mainly in rural areas and with low or very low pop-
ulation density, except for the eastern border of the Doubs, which has more
densely populated areas, but with more mountainous terrain, with a quantile
1 accessibility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

3.15 Accessibility distribution in Auvergne-Rhone-Alpes. The areas with the low-
est accessibility are mainly located in areas with low or very low density, par-
ticularly along the mountainous border in the east of the region in the de-
partments of Haute-Savoie, Savoie, Isère and Drôme. It is possible to observe
a good distribution of accessibility in the central, northern and north-western
part of the region, particularly around the large agglomerations such as the city
of Lyon, Clermont-Ferrand, Moulins, Grenoble and Aurillac. The three south-
ern departments, Haute-Loire, Ardèche and Drôme, are less accessible than
the other departments in the region. Above all, it can be observed that the
mountainous terrain tends to have a strong impact on accessibility to care,
since travel times in these areas, particularly for the departments of Drôme
and Savoie, reach an average of 120 minutes if not 150 minutes. . . . . . . . . 97

4.1 Accessibility delta in Provence-Alpes-Cote-d’Azur region after running the

optimization algorithm. Map (A) displays the accessibility delta (Aiafter−Aibefore)
by municipality. Plot (B) shows the capacity delta (Suafter − Subefore) distribution.
Capacity was defined as the oncology activity: the number of patients with
chemotherapy or radiotherapy and the number of medical or surgery stays
related to oncology. We show the list of the care centers that grew the most
(C) and by how much. For instance, the hospital Institut Sainte Catherine in
Avignon, was assigned a +1,030 capacity, for a total of n=6,179. Additional ac-
tivity was 3,221. 26 centers grew and 1 decreased. Median accessibility before
optimization was 0.0093 and 0.0103 after, corresponding to a 11.1% increase.
Accessibility increased around cities like Avignon and Gap. Care centers near
Nice were left unchanged by the algorithm. . . . . . . . . . . . . . . . . . . . . 104

4.2 Optimization results in Pays-de-la-Loire. Additional activity was 1,890. 18
centers grew and 2 decreased. Median accessibility before optimization was
0.0118 and 0.0121 after, corresponding to a 2.4% increase. Accessibility mainly
grew near Le Mans, Angers and La Roche sur Yon. . . . . . . . . . . . . . . . . 105

4.3 Optimization results in Occitanie. Additional activity was 3,652. 28 centers
grew and 1 decreased. Median accessibility before optimization was 0.0087
and 0.0091 after, corresponding to a 4.7% increase. Accessibility grew around
Perpignan, Rodez, Mende and Tarbes. . . . . . . . . . . . . . . . . . . . . . . . 106
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4.4 Optimization results in Nouvelle-Aquitaine. Additional activity was 3,445.
25 centers grew and 1 decreased. Median accessibility before optimization
was 0.0117 and 0.0119 after, corresponding to a 1.5% increase. Accessibility
grew around Limoges, Angouleme, and Brive-la-Gaillarde. . . . . . . . . . . . . 107

4.5 Optimization results in Normandie. Additional activity was 1,523. 15 centers
grew and 0 decreased. Median accessibility before optimization was 0.0105
and 0.0106 after, corresponding to a 1% increase. Accessibility grew near Caen,
Argentan, and St-Lo. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

4.6 Optimization results in Ile-de-France. Additional activity was 5,826. 44 cen-
ters grew and 1 decreased. Median accessibility before optimizationwas 0.0088
and 0.0089 after, corresponding to a 1.3% increase. Accessibility grew around
Mantes-la-Jolie, Rambouillet, Melun, and Évry. . . . . . . . . . . . . . . . . . . . 110

4.7 Optimization results in Hauts-de-France. Additional activity was 2,520. 29
centers grew and 1 decreased. Median accessibility before optimization was
0.01 and 0.0102 after, corresponding to a 2.1% increase. Accessibility grew
around St-Quentin and Valenciennes. . . . . . . . . . . . . . . . . . . . . . . . 111

4.8 Optimization results in Grand-Est. Additional activity was 2,663. 31 centers
grew and 4 decreased. Median accessibility before optimization was 0.0096
and 0.0099 after, corresponding to a 3% increase. Accessibility grew around
Troyes and Épinal. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

4.9 Optimization results in Centre-Val-de-Loire. Additional activity was 1,072.
10 centers grew and 1 decreased. Median accessibility before optimization
was 0.0099 and 0.0102 after, corresponding to a 2.9% increase. Accessibility
grew around Bourges and Châteauroux. . . . . . . . . . . . . . . . . . . . . . . 113

4.10 Optimization results in Bretagne. Additional activity was 1,773. 10 centers
grew and 2 decreased. Median accessibility before optimization was 0.0131
and 0.0134 after, corresponding to a 2.4% increase. Accessibility grew around
St-Brieuc. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.11 Optimization results in Bourgogne-Franche-Comté. Additional activity was
1,330. 13 centers grew and 0 decreased. Median accessibility before optimiza-
tion was 0.0096 and 0.0098 after, corresponding to a 1.9% increase. Accessi-
bility grew around Nevers, Belfort, Vesoul and Auxerre. . . . . . . . . . . . . . 115

4.12 Optimization results in Auvergne-Rhone-Alpes. Additional activity was 3,883.
23 centers grew and 2 decreased. Median accessibility before optimization was
0.0092 and 0.0095 after, corresponding to a 3.2% increase. Accessibility grew
around Moulins, Montluçon, Le Puy en Velay, Clermont-Ferrand and Aurillac. . 116

4.13 Oncology Accessibility: Homepage. . . . . . . . . . . . . . . . . . . . . . . . 119

4.14 Oncology Accessibility: Optimization results. The accessibility delta is dis-
played by default on the map, as well as the hospitals colored in green, red or
green whether the hospital was grown, decreased or remained as is. . . . . . 120
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4.15 Health facilities withMedical / Surgery beds in New York City. We included
55 facilities with a total of 13,443 beds. Map (A) shows the geographical loca-
tion of the facilities, colored by county, and sized by number of beds. The
distribution of the number of beds is shown on (B). The top 30 facilities with
the highest number of beds are listed on (C) and colored by county. The largest
facilities are in New-York County. . . . . . . . . . . . . . . . . . . . . . . . . . . 122

4.16 Accessibility to Medical / Surgery beds in New York City. Accessibility score
was computed with the Enhanced Two Step Floating Catchment Area method,
with a 45 km maximum catchment area. The geographical distribution of the
accessibility score is shown on map (A). Zip codes are colored by accessibility
score. Facilities are sized by number of beds and colored by county. The overall
accessibility distribution is shown on (B). New-York County has the highest ac-
cessibility distribution where Richmond has the lowest (C). Accessibility seems
to be higher in dense areas but there is no significant correlation between ac-
cessibility and population (D). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.17 Accessibility delta after running the optimization algorithm.Both overall
and maxi-min optimization algorithms are run. The optimization results are
illustrated on maps (A) and (B) respectively. We displayed the accessibility
delta as the difference of accessibility after and before the optimization. Ev-
ery zip code is colored by accessibility delta. The health facilities are displayed
as squares, sized accordingly to the capacity increase. The overall optimization
increased facilities around New-York and Queens Counties (A). The maxi-min
algorithm targeted Richmond facilities in priority (B). . . . . . . . . . . . . . . . 129

5.1 Average driving duration for cancer patients inmetropolitan France. Map
(A) displays the average driving duration by municipalities. The median travel
duration is higher for municipalities with lower population densities (B). The
median travel duration is especially high for patients from rural areas visiting
specialized hospitals (C). Patients living in dense areas do not need to travel far
when reaching specialized hospitals (C). . . . . . . . . . . . . . . . . . . . . . . 137

5.2 Travel burden score distribution per department and region. Compari-
son between travel duration distribution (A) and travel burden distribution (B).
Correlations between travel burden score and other variables (C). Comparison
between travel distance, duration, and travel score (D). Comparison between
road sinuosity, travel duration and travel score (E). . . . . . . . . . . . . . . . . 138

5.3 Travel burden index in metropolitan France. The travel burden index is a
composite score based on route duration, distance, number of roundabouts
and sinuosity. The higher the score is, the more tedious the route is. The score
distribution is displayed on map (A). The percentage of routes with higher
scores increases in lower density areas (B). Figure (C) displays the input vari-
ables median values by score quantiles. For instance, the median road sinuos-
ity is much higher when the score is high. . . . . . . . . . . . . . . . . . . . . . 139
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5.4 Travel burden score distribution per department and region. The 5 de-
partments which had the lower median travel burden index were Paris, Val-
de-Marne, Hauts-de-Seine, Seine-St-Denis, and Rhone. Among these depart-
ments, the first 4 are in Ile de France region. The 5 departments with the high-
est travel burden are from lowest to highest: Aveyron, Corse-du-Sud, Lozère,
Ardèche, and Haute-Corse . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

5.5 Travel burden score in Provence Alpes Cote d’Azur (PACA) region. We com-
pared the average travel burden score with the main roads location. The roads
that with were used by less than 5 patients during the year are hidden. The ar-
eas that had low accessibility scores have high travel burden scores. However,
we notice that some areas that had decent accessibility scores can have aver-
age or high average travel burden scores. This is probably due to the sinuosity
of the roads, notably in the Var department, or in the north of Nice city. The
roads in these areas are often small, with a lot of turns and roundabouts, in-
creasing the travel tediousness. . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

5.6 Carbon footprint and number of stays by cancer location The total emis-
sions per cancer type vary between 373 tons for malignant tumors of the di-
gestive organs, and 20 tons for malignant tumors of bone and articular cartilage.143

5.7 Average carbon footprint by cancer location. Comparison between the av-
erage CO2 emissions and the number of stays (A), as well as with the number
of habilitated hospitals (B). The average CO2 emissions per travel increased
with the rarity of the cancer and the scarcity of hospitals habilitated to treat
this disease. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

5.8 Average carbon footprint according to the hospital oncology specializa-

tion and municipality population density. Regardless of the cancer site,
the average CO2 emissions are higher for patients visiting the most specialized
hospitals (A). Similarly, the emissions are higher for patients living in rural ar-
eas (B). Finally, the average emissions are the highest for patients living in rural
municipalities and visiting the most specialized hospitals (C). . . . . . . . . . . 145

5.9 CO2 emissions for cancer patients travels The CO2 emissions are computed
based on the GPS distance between the patient municipality centroid and hos-
pital location. The total emission for a single travel is computed as the product
of the average CO2 emissions per km and the distance. Figure (A) displays the
travels between municipalities in Ain department. Municipalities are on the
left, hospitals on the right. Flows are sized by number of travels and colored
by CO2 emissions. Figure (B) shows the CO2 emissions compared with number
of stays in Bourg-en-Bresse city (Ain). The CO2 emissions are higher for the
fewer patients who traveled outside of the city to reach more specialized care
centers in Lyon. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
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5.10 Optimization results with the regularized Optimal Transport algorithm.

Map (A) shows the allocations in Provence-Alpes-Cote-d’Azur region. Popula-
tion locations are displayed as blue triangles, sized by their populations. Hospi-
tals are displayed as red squares, sized by their capacities. Plot (B) displays the
overall traveled distance, and we notice that the optimization process nearly
halved the overall distance. We compared the travel distance distribution be-
fore the optimization (C) and after (D), and notice that very few patients travel
further than 250 km with our method. . . . . . . . . . . . . . . . . . . . . . . . 148

5.11 Travel flux between in the Bouches du Rhone department (PACA region)

before and after optimization. The boxes are sized by the number of pa-
tients living in the municipalities and treated in the hospital. The boxes are
sorted by decreasing number of patients. The paths are sized by the num-
ber of patients who traveled from the population location to the hospital, and
colored by the travel burden quantile. The first alluvial plot on the left (A) dis-
plays the routes before the optimization, and the second chart shows the new
routing after the Optimal Transport (OT) algorithm (B). . . . . . . . . . . . . . . 149

6.1 Healthcare-Network: homepage. A minimalist page with a search bar allow-
ing to find hospitals based on their name, category, or location. . . . . . . . . 152

6.2 Healthcare-Network: search results. The list of retrieved hospitals and their
details is displayed, as their position on a map. This query shows all the CHR/U
hospitals in metropolitan France. . . . . . . . . . . . . . . . . . . . . . . . . . . 153

6.3 Healthcare-Network: example of an hospital page, Centre Hospitalier

(CH) de Coulommiers. The web page shows basic informations about the
hospital, with name, location and category displayed first. A navigation pane
also shows the hospital GHT and legal entity. The hospital location is shown
on an interactive map. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

6.4 Healthcare-Network: example of an hospital page, Centre Hospitalier

(CH) de Coulommiers. We filled the municipalities by the number of patients
who visited CH de Coulommiers. We also displayed hospitals from the same
legal entity in green. Finally, we show hospitals that exchanged patients with
CH de Coulommiers as blue links. . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6.5 Healthcare-Network: description of health services offered, and statis-

tics on MCO activity for Institut Curie Paris hospital. The list of services
allows to quickly evaluate the hospital ability to treat cancer patients. The num-
ber of stays and number of beds lets the users evaluate the hospital size, and
how saturated it is. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

6.6 Healthcare-Network: description of oncology activity for Institut Curie

Paris hospital. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
6.7 Healthcare-Network: number of patients per cancer related diagnosis for

Institut Curie Paris hospital. Comparison with the median statistics from
hospitals within the same category (CLCC) and overall median. . . . . . . . . . 159
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6.8 Healthcare-Network: statistics on the municipality where Institut Curie

Paris is located (Paris 75105). Population, median salary and accessibility to
primary care are displayed to qualify the hospital neighborhood. Health pro-
fessionals within the department are also listed to illustrate the health supply
available around the hospital. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

7.1 Generated dataset. Users are displayed as crosses and items as circles, sized
proportionally to their capacities. Users are colored accordingly to the item
they have been allocated to. Plot (A) displays users and items in their shared
embeddings (latent) space; where plot (B) displays them in their underlying
euclidean space. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

7.2 Training results. We can see that the model achieves good performances to
learn the item embeddings (A), and recovers the allocation with a close to 1 F1
score (B). The average distance between the learned embeddings and ground
truth decreases during training (C). . . . . . . . . . . . . . . . . . . . . . . . . . 173
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embeddings are shown on (A). The model retrieves the observed allocation
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978. We studied the median travel duration, median travel distance, overall
distance, number of distinct hospitals and CO2 emissions by cancer type and
hospital oncology specialization. To assess the oncology specialization of the
hospitals, we used the oncology clusters defined in Chapter 2. . . . . . . . . . 135
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Abstract 25 

Background: Access to health services plays a key role in cancer survival. Uneven distribu-26 

tions of populations and health facilities lead to geographical disparities. Location-allocation 27 

algorithms can address these disparities by finding new locations and capacities for health 28 

facilities. However, in oncology, opening new hospitals or moving them is difficult in prac-29 

tice, and should be handled carefully.  30 
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Methods: We propose a method to measure the spatial accessibility to oncology care and 31 

identify the hospitals to grow to reduce disparities. We first ran a clustering algorithm to au-32 

tomatically label the hospitals in terms of oncology specialization. Then, we computed an 33 

accessibility score to these hospitals for every population location. Finally, we introduced 34 

CAMION, an optimization algorithm based on Linear Programming that reduces disparities in 35 

oncology accessibility by identifying health facilities that should increase their capacities.  36 

Results: We demonstrate our algorithm in metropolitan France. The clustering step let us 37 

identify different oncology specialization levels for hospitals. Most of the population in met-38 

ropolitan France lived in good accessibility areas, especially in large cities. Lower accessibil-39 

ity zones are often rural or suburban municipalities. The optimization algorithm effectively 40 

manages to identify hospitals to grow, based on current oncology specialization and accessi-41 

bility scores.  42 

Discussion: There is a tradeoff to be found by patients, between care center proximity and 43 

care center expertise, which is less likely to happen for patients living in good accessibility 44 

areas. The accessibility score is deliberately non-specific to cancer type but can be adapted to 45 

more precise pathologies. Our method is replicable in any country, given hospitals and popu-46 

lation locations data. We developed a web application intended for healthcare professionals 47 

to let them to run the optimization algorithm with the desired parameters and visualize the 48 

results.  49 

Introduction 50 

Cancer is a leading cause of death worldwide, accounting for nearly 10 million deaths in 51 

2020. While a lot of the ongoing research is focusing on finding new cancer treatments, ac-52 

cessibility to oncology care receives less attention. Yet, several studies have showed that ac-53 

cess to health services plays a key role in cancer survival. For instance, geographic residency 54 
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status and social environment seem to explain treatment and prognosis disparities for patients 55 

with non-small cell lung cancer (1). In France, increases in travel times to health services 56 

were associated with lower survival rates for patients with a colorectal cancer (2). In New 57 

Zealand, living in deprived areas, far from a cancer center or from primary care was associat-58 

ed with lower survival chances for patients with colorectal, lung and prostate cancers (3).  59 

Accessibility refers to the relative ease by which services can be reached from a given lo-60 

cation (4). Accessibility can be defined by spatial factors, determined by where you are; and 61 

non-spatial factors, determined by who you are (5). Spatial accessibility methods assess the 62 

availability of supply locations from demand locations, connected by a travel impedance met-63 

ric. Supply locations are characterized by their capacity or quantity of available resource. 64 

Similarly, demand locations are characterized by their population. Such methods have been 65 

successfully used to measure access to healthcare, such as primary care (6) or oncology care 66 

(4,7,8) in several countries including France (9–11). In what follows, we restrict accessibility 67 

to spatial accessibility and use both terms interchangeably. 68 

Uneven distributions of population and health-care providers lead to geographic disparity 69 

in accessibility for patients (12). For instance, Weiss et al. (13) showed that 8.9% of the glob-70 

al population could not reach healthcare within one hour if they have access to motorized 71 

transport. In Germany, Bauer et al. (14) shown that 10% of the population lived in areas with 72 

low accessibility for internal medicine and surgery. Location-allocation algorithms (15) can 73 

optimize the distribution and supply of health providers to reduce accessibility disparities. 74 

These algorithms seek the optimal placement of facilities for a desirable objective under cer-75 

tain constraints (4). For instance, Luo et al. developed an optimization algorithm to improve 76 

the healthcare planning in rural China by finding the best place and capacity for new health 77 

facilities (16). Tao et al. worked on a spatial optimization model to maximize equity in acces-78 

sibility to residential care facility in Beijing, China (17). When optimizing health accessibil-79 
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ity, there are two competing goals: equity and efficiency (18,19). Equity may be defined as 80 

equal access to healthcare for everyone (20). An efficient situation is when everything has 81 

been done to help any person without harming anyone else (21). While some argue that effi-82 

ciency should be addressed in priority (21), others agree that equity is a matter of ethical ob-83 

ligation, especially in public health (22,23). 84 

The goal of this paper is to apply spatial accessibility methods to oncology care centers 85 

and propose an optimization algorithm to reduce disparities. We demonstrate our results in 86 

metropolitan France. There are many care centers in France, which do not share the same 87 

degree of oncology specialization. Therefore, we first run a clustering algorithm to automati-88 

cally group the care centers based on their medical statistics and attributes. Using these clus-89 

ters, we label the care centers in terms of hospital development and oncology specialization. 90 

Then, we compute an oncology accessibility score for every municipality in metropolitan 91 

France. We then introduce CAMION, an optimization algorithm based on Linear Program-92 

ming which uses the clusters of care centers and the accessibility scores to suggest, given a 93 

limited budget, where to increase hospital capacity to improve the oncology accessibility. 94 

Finally, our method is packaged into a web application intended to healthcare professionals 95 

so they can run the optimization algorithm with the desired parameters for any region.  96 

Methods 97 

Data collection 98 

Health data is collected from two sources: the French national administrative database 99 

(PMSI) and the French annual health facilities statistics (SAE). PMSI data includes discharge 100 

summaries for all inpatients admitted to public and private hospitals in France.  The SAE da-101 

tabase is a compulsory and exhaustive administrative survey of all public and private hospi-102 

tals in France. The survey is sent every year and describes the activities of the hospitals as 103 

well as the list of services and their staff. We restricted the analysis to the year 2018. We in-104 
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clude every hospital in metropolitan France that declared a Medicine, Surgery or Obstetric 105 

(MCO) activity in the SAE survey, in 2018. We also included the liberal radiotherapy care 106 

centers, with no MCO activity. The resulting dataset contains 1,662 care centers. 107 

Geographic and travel data were retrieved from open data platforms. Municipalities and 108 

their census statistics were extracted from the National Statistics Bureau of France (INSEE) 109 

website. We used the OpenRouteService (ORS) API to compute the driving routes between 110 

hospitals and municipalities, which is necessary for the accessibility score. 111 

Care centers characterization 112 

We selected a list of 24 variables with the help of medical experts to characterize the care 113 

centers. The list of variables and their definitions is available in the supplementary materials. 114 

The variables are either binary when they encode the presence or absence of a service; or 115 

discrete when they encode the number of stays. We only focus on treatments received in hos-116 

pitals.  117 

Given the large number of care centers, we use a clustering algorithm to automatically 118 

group together similar care centers. More specifically, we first run a Principal Component 119 

Analysis (PCA) algorithm on the SAE dataset that describes the care centers. The input data 120 

has 24 variables, and we perform the dimensionality reduction with � � 2 components. We 121 

tried different number of components, from 2 to 5, but we found 2 gave good and easy to 122 

interpret results. We then run a clustering algorithm on the PCA-reduced dataset to automati-123 

cally isolate care centers with similar statistics. We tried several algorithms like K-Means 124 

(24), DBSCAN (25) and Spectral Clustering (26). In our case, Spectral Clustering with 8 125 

clusters gave the most interpretable and better isolated groups. For the number � of clusters, 126 

we tested all values from 2 to 10 and manually interpreted the results with medical experts.  127 
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Accessibility score 128 

There are several ways to compute accessibility to healthcare (6). The easiest and most 129 

straightforward methods are computed within bordered areas, like provider-to-population 130 

ratios in each municipality. While they are very intuitive, these methods do not account for 131 

border crossing, or travel impedance, which makes them less accurate. Recently, a new type 132 

of method has been developed and is now used in most spatial accessibility papers. This algo-133 

rithm is called Two Step Floating Catchment Area (2SFCA) (27). It is a two-step method that 134 

first computes a provider-to-population ratio for each provider location. In the second step, 135 

for each population location, an accessibility score is obtained by summing the provider-to-136 

population ratios. For the algorithm to work, a catchment threshold (distance or travel time) 137 

must be set. Above this threshold, a provider location is considered unreachable from the 138 

population location, and vice versa. The 2SFCA method does not account for distance decay: 139 

a care center is either reachable or not. The Enhanced Two Step Floating Catchment Area 140 

(e2SFCA) (28) addresses this limitation by applying weights to differentiate travel zones in 141 

both steps.  142 

We now explain more formally how to compute eS2FCA scores. Consider �� the popula-143 

tion at location �, with 1 � � � � where � is the number of population locations. Similarly, 144 

consider 	� the capacity of care center 
, with 1 � 
 � � where � is the number of care 145 

centers. Finally, let ��� be the matrix of size �  � containing the distances between location 146 

� and care center 
. We consider � sub-catchment zones each associated with a weight ��, 147 

and a distance ��, with 1 � � � �, such that �� � �� � � � �� and �� � �� � �  � �� . 148 

The resulting � travel intervals are �� � �0, ���, �� � ���, ���, … , �� � ������, ���. The ac-149 

cessibility �� of a population location � is computed in two steps. Step 1: for every care center 150 


, compute its weighted capacity-to-population ratio ��. Step 2: for every population loca-151 

tion, compute �� as the sum all the weighted �� of the reachable care centers.  152 
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The capacity of a care center is balanced by the total population with access to it. A popu-153 

lation location that solely has access to low capacities or overcrowded care centers will have 154 

a low accessibility score. Similarly, a population location will have low accessibility scores if 155 

the distance to get to the nearby care centers is large.  156 

As we want to compute the accessibility to oncology care centers, we chose 	� to be the 157 

oncology activity of a hospital 
. We define oncology activity as the sum of the number of 158 

medical and surgery stays related to cancer, and the number of patients with chemotherapy or 159 

radiotherapy. A care center with no oncology activity will have �� � 0 and a municipality 160 

that solely has access to this care center 
 will have �� � 0. We use driving duration as travel 161 

impedance metric, and we set the maximum catchment area to a 90-minute drive. In 2018, 162 

only 24,152 patients out of 761,057 (3.2%) had travel duration greater than 90 minutes for 163 

cancer related pathways. This is low enough to consider that care centers are non-reachable 164 

beyond this distance. We divide the catchment area into 3 intervals: �� � �0, 30� , �� �165 

�30, 60� and �� � �60, 90�. The associated weights are respectively �� � 1, �� � 0.042 and 166 

�� � 0.09. These sub catchment areas are set based on the cancer pathways travel duration 167 

distributions and validated with medical experts. The weights are the same than the e2SFCA 168 

paper (28).  169 

For privacy reasons, municipalities with small populations are grouped in entities called 170 

“geographic codes” in the PMSI data. We decided to compute the accessibility score for each 171 

geographic code and municipalities that are grouped in the same code will have the same 172 

accessibility score.  173 
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Accessibility optimization 174 

Regarding efficiency optimization, the most popular algorithms are p-median, location set 175 

covering problem (LSCP) and maximum covering location problem (MCLP). The p-median 176 

algorithm minimizes the weighted sum of distances between users and facilities (29). LSCP 177 

minimizes the number of facilities needed to cover all demand (30). MCLP maximizes the 178 

demand covered within a desired distance or time threshold by locating a given number of 179 

facilities (31).  180 

To reach equal access to healthcare, quadratic programming has been used to  minimize 181 

the variance of accessibility scores defined by the 2SFCA (32). Similarly, a Particle Swarm 182 

Optimization (PSO) algorithm was developed to minimize the total square difference between 183 

the accessibility score of each demand location and the weighted average accessibility score 184 

(17). Finally, a two-step optimization algorithm has been developed to address the dual ob-185 

jectives of efficiency and equality, by first choosing where to site new hospitals and then de-186 

ciding which capacity they should have (16,33). 187 

However, most of the previous algorithms seek locations to open new health facilities. In 188 

this work, we are interested in the case where the health facilities are fixed, and the only lever 189 

to improve accessibility is to increase their capacities. Given a capacity budget, we want to 190 

know which facilities to grow and by how much. We introduce CAMION, an accessibility 191 

optimization algorithm based on Floating Catchment Area and Linear Programming. The 192 

initial accessibility score was computed with the Enhanced Two Step Floating Catchment 193 

Area (e2SFCA) (28) but our algorithm can generalize to more FCA derivatives.  194 

We model the problem as an optimization task. In our case, we want our optimization al-195 

gorithm to find new care centers capacities given some constraints, so that the total accessi-196 

bility is maximum. We apply optimization on a given region only, rather than on the whole 197 

metropolitan France. We chose this approach because healthcare planning is handled region-198 
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ally rather than nationally. We show below that our optimization problem is a Linear Pro-199 

gramming problem.  200 

In its standard form, Linear Programming finds a vector % that maximizes &	% under con-201 

straints �% � b, where � is a matrix and ( a vector. Boundaries can be set to % such as % )202 

0. Consider %� the new capacity of a care center 
, to be computed by the algorithm. Let *� 203 

and �� be two vectors of size �, defined as follows: 204 
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We can compute the total accessibility as a sum on the � care centers: 205 
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The last equation can be rewritten in the Linear Programming standard form with: 206 
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The user-defined parameters are (, %���� and %����. ( is the total capacity to be shared 207 

across all the care centers. %����and %���� are the capacity boundaries for care center 
. If ( 208 

is set to the current total capacity, a care center can’t be grown unless another one is de-209 

creased. If  � ∑ �� � , the capacity of care centers can be increased without decreasing other 210 

centers. We know how to solve Linear Programming and we used the SciPy (34) implemen-211 

tation of the revised simplex method as explained in (35). 212 

We now detail how we set the user-defined parameters to apply the Linear Programming 213 

algorithm to our specific case. The additional capacity was set as +3% of the overall activity 214 

of the region’s care centers: � � 1.03 � ∑ ���  . The choice of the boundaries %���� and %���� 215 

is crucial and must be realistic. We studied the hospitals activity on the past four years (2016 216 

to 2019) to retrieve the average growth percentage of a care center. The growth percentage is 217 

computed as follows: ����
 � ���
�� ���
�⁄ . Among the care centers that grew and who had an 218 

existing oncology activity, the mean growth percentage was 23%. Hence, we set %���� as 219 

+20% of the care center capacity. Regarding %����, we set the boundary based on the cluster 220 

of the care center. For the three most specialized clusters, we set their %���� equal to their 221 

current activity. We did this to prevent the algorithm from decreasing the most specialized 222 

and well-equipped care centers. Regarding the care centers from the other clusters, %���� �223 

0, so that they could be emptied if need be. Finally, we set %���� � 0 if the care center be-224 

longs to the least specialized cluster. The new capacities are indicative and should be further 225 

investigated to make sure they are relevant. Especially when setting an existing oncology 226 

activity to 0. 227 

We developed a web application that allows the users to run the optimization algorithm in 228 

any region with the parameters they want. The application displays accessibility results and 229 

optimization outcomes on an interactive map with additional plots. The user can browse the 230 

list of care centers by cluster and the list of municipalities with their accessibility scores.  231 
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Results 232 

Population and hospitals distribution in metropolitan France 233 

In 2018, the population in France was 66,993 million. Mainland France hosts 234 

64,812 million inhabitants (96.8%), while the remaining 2,181 million (3.2%) live in over-235 

seas departments and regions. Metropolitan France is divided into 13 administrative regions 236 

and 96 departments. The population density in France is unevenly distributed. In 2020, the 237 

overall population density in metropolitan France was 119 inhabitants per square kilometer. 238 

Ile-de-France region has the highest population density with 1,022 inhabitants per square 239 

kilometer. Density in other regions in metropolitan France range between 40 and 187 inhabit-240 

ants/km2. Denser areas are located near the coastline and around the largest cities like Paris, 241 

Marseille, Lyon, Strasbourg, Toulouse, or Bordeaux. The middle of the country is rural, and 242 

the population densities are low. While there are a great variety of regions and landscapes, 243 

the country is becoming more urbanized. This “rural exodus” is largely responsible of what is 244 

known as the “empty diagonal”, a band of very low-density population that stretches from the 245 

southwest to the northeast.  246 

We now describe the spatial distribution and specificities of the 1,662 hospitals included 247 

in this study. There are different types of hospitals in France: Centres Hospitaliers (CH, 248 

n=667) and Centres Hospitaliers Régionaux / Universitaires (CHR/U, n=142) are state-run 249 

hospitals; Centres de Lutte Contre le Cancer (CLCC, n=26) and Participants au Service Pub-250 

lic Hospitalier / Etablissement à But Non Lucratif (PSPH/EBNL, n=142) are both private 251 

hospitals of collective interest, though CLCC are oncology dedicated; private hospitals 252 

(n=606) are privately run and for-profit. The non-MCO care centers with radiotherapy activi-253 

ty (n=79) are mostly private practice structures and are referred as Other. Table 1 shows the 254 

number of care centers and their oncology activity per hospital type and region. Most of the 255 

care centers are public, but a non-neglectable part are private. CLCC represent only 1.6% of 256 
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the care centers, yet they are responsible for 14.2% of the overall oncology activity. The care 257 

centers are unevenly distributed across the country. For instance, Corse and Centre-Val-de-258 

Loire are the only two regions with no CLCC care centers. Moreover, the proportion of on-259 

cology activity per hospital type varies from a region to another. For instance, in Nouvelle-260 

Aquitaine, 47.1% of the oncology activity is handled by private care centers, whereas in Pro-261 

vence-Alpes-Cote-d’Azur it is 21.4%. 262 

Variable value per region 

N = number of centers 

A = oncology activity (radio., chemo., surgery) 

Hospital type 

CH CHR/U CLCC Other PSPH/EBNL Private Overall 

n=667 n=142 n=26 n=79 n=142 n=606 n=1,662 

Auvergne-Rhône-Alpes 98 (49,2%) 21 (10,6%) 2 (1%) 7 (3,5%) 13 (6,5%) 58 (29,1%) 199 

 34,597 (26,7%) 31,706 (24,5%) 16,966 (13,1%) 6,710 (5,2%) 6,146 (4,7%) 33,297 (25,7%) 129,422 

Bourgogne-Franche-Comté 53 (64,6%) 4 (4,9%) 1 (1,2%) 5 (6,1%) 2 (2,4%) 17 (20,7%) 82 

 12,238 (27,6%) 10,621 (24%) 5,844 (13,2%) 4,405 (9,9%) 657 (1,5%) 10,571 (23,8%) 44,336 

Bretagne 38 (33%) 8 (7%) 1 (0,9%) 6 (5,2%) 11 (9,6%) 51 (44,3%) 115 

 15,953 (27%) 11,020 (18,6%) 6,341 (10,7%) 5,553 (9,4%) 2,050 (3,5%) 18,199 (30,8%) 59,116 

Centre-Val de Loire 29 (46,8%) 4 (6,5%) 0 (0%) 6 (9,7%) 2 (3,2%) 21 (33,9%) 62 

 6,989 (19,6%) 11,524 (32,2%) 0 (0%) 5,137 (14,4%) 32 (0,1%) 12,058 (33,7%) 35,74 

Corse 7 (53,8%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 6 (46,2%) 13 

 3,486 (66,3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1,773 (33,7%) 5,259 

Grand Est 70 (41,7%) 17 (10,1%) 3 (1,8%) 6 (3,6%) 30 (17,9%) 42 (25%) 168 

 17,428 (19,6%) 22,123 (24,9%) 13,176 (14,8%) 6,793 (7,7%) 7,683 (8,7%) 21,553 (24,3%) 88,756 

Hauts-de-France 56 (40%) 11 (7,9%) 1 (0,7%) 11 (7,9%) 12 (8,6%) 49 (35%) 140 

 21,864 (26%) 15,934 (19%) 6,947 (8,3%) 8,618 (10,3%) 5,242 (6,2%) 25,399 (30,2%) 84,004 

Île-de-France 40 (47,6%) 5 (6%) 4 (4,8%) 6 (7,1%) 3 (3,6%) 26 (31%) 84 

 7,573 (14,9%) 7,947 (15,7%) 14,210 (28%) 5,419 (10,7%) 0 (0%) 15,627 (30,8%) 50,776 

Normandie 70 (44,9%) 10 (6,4%) 1 (0,6%) 7 (4,5%) 12 (7,7%) 56 (35,9%) 156 

 37,844 (33%) 26,244 (22,9%) 7,477 (6,5%) 7,157 (6,2%) 2,824 (2,5%) 33,271 (29%) 114,817 

Nouvelle-Aquitaine 66 (37,7%) 14 (8%) 2 (1,1%) 7 (4%) 6 (3,4%) 80 (45,7%) 175 

 14,735 (12,1%) 20,915 (17,2%) 16,047 (13,2%) 11,572 (9,5%) 1,098 (0,9%) 57,374 (47,1%) 121,741 

Occitanie 34 (44,7%) 5 (6,6%) 3 (3,9%) 4 (5,3%) 5 (6,6%) 25 (32,9%) 76 

 11,901 (18,9%) 11,374 (18,1%) 12,564 (19,9%) 3,422 (5,4%) 3,916 (6,2%) 19,822 (31,5%) 62,999 

Pays de la Loire 53 (34,4%) 10 (6,5%) 3 (1,9%) 4 (2,6%) 15 (9,7%) 69 (44,8%) 154 

 14,632 (13,6%) 16,533 (15,4%) 21,924 (20,4%) 6,172 (5,7%) 10,918 (10,2%) 37,176 (34,6%) 107,355 

Provence-Alpes-Côte d'Azur 53 (22,3%) 33 (13,9%) 5 (2,1%) 10 (4,2%) 31 (13%) 106 (44,5%) 238 

 24,390 (12,6%) 66,406 (34,2%) 34,028 (17,5%) 12,817 (6,6%) 14,981 (7,7%) 41,577 (21,4%) 194,199 

Grand Total 667 (40,1%) 142 (8,5%) 26 (1,6%) 79 (4,8%) 142 (8,5%) 606 (36,5%) 1662 

 223,630 (20,4%) 252,347 (23%) 155,524 (14,2%) 83,775 (7,6%) 55,547 (5,1%) 32,7697 (29,8%) 1,098,520 
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Table 1: Number of care centers (N) and overall oncology activity (A) per hospital type 263 

and region. Oncology activity is the sum of the number of patients with radiotherapy or 264 

chemotherapy, and the number of medical or surgery stays related to cancer. CH and CHR/U 265 

are public hospitals; CLCC and PSPH/EBNL are private hospitals of collective interest, 266 

though CLCC are oncology dedicated; private hospitals are for-profit. Other hospitals are 267 

mostly private practice radiotherapy structures. The percentages sum to 100% row-wise. In 268 

Nouvelle-Aquitaine region, 47.1% of the oncology activity is handled by private care centers, 269 

whereas in Provence-Alpes-Cote-d’Azur region it is 21.4%. 270 

Care centers characterization 271 

While it is obvious that CLCC care centers are suited for oncology care, it is difficult to 272 

assess the degree of oncology specialization for other care centers. Our clustering algorithm 273 

assigns the n=1,662 care centers into 8 clusters, sorted by oncology specialization. Figure 1 274 

shows the distribution of some of the key health services per cluster. These services are biol-275 

ogy, radiotherapy, chemotherapy, cancer surgery, intensive unit, palliative care, oncology 276 

unit, medication circuit, surgery, and outpatient surgery. The three oncology services are 277 

cancer surgery, radiotherapy, and chemotherapy. We see that care centers from clusters 1 278 

(n=79) and 2 (n=39) all have these 3 services, hence they are the most suited hospitals for 279 

oncology care. Centers from cluster 3 (n=451) have cancer surgery and chemotherapy but 280 

lack radiotherapy. The most part of the n=381 centers from cluster 4 have cancer surgery, 281 

but no radiotherapy nor chemotherapy. Care centers from cluster 5 (n=2) and cluster 6 (n=7) 282 

have radiotherapy and chemotherapy services, but no cancer surgery. Care centers in cluster 283 

7 (n=77) are dedicated to radiotherapy and mostly private practice structures. Finally, care 284 

centers 8 (n=626) have none of the 3 oncology services. To sum up, hospitals from clusters 1 285 

and 2 (n=118) are “all-in-one” care centers that provide the most “ideal” oncology care. Cen-286 

ters from clusters 3 and 4 (n=382) provide oncology care but will have to be coordinated with 287 
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additional structures during the pathways. Hospitals within clusters 5, 6 and 7 (n=86) are not 288 

allowed to perform cancer surgery but provide chemotherapy or radiotherapy. The remain-289 

ing n=626 care centers in cluster 8 are not equipped for oncology care. Hospital types are 290 

unevenly distributed among the clusters. For instance, 76.9% of the CLCC care centers are 291 

placed in cluster 1, as they are the most specialized centers. In cluster 7, we find external ra-292 

diotherapy units of some CLCC centers, and private practice structures. The proportion of 293 

private care centers varies as well: cluster 1 has almost no private care center while cluster 2 294 

has 61.5% of private hospitals. Moreover, most of the oncology activity is handled by care 295 

centers from clusters 1 and 3. Also, the overall oncology activity from the n=79 centers in 296 

cluster 1 is almost as large as the activity of the n=451 hospitals from cluster 4.  297 

Figure 1: Distribution of the care centers services and equipment per cluster. Each radar 298 

plot axis shows the percentage of the care centers within the cluster that have the correspond-299 

ing attribute. In Cluster 1, the care centers have all the listed services. In cluster 8, the centers 300 

have almost none of the services. Care centers from cluster 1 (n=79) and cluster 2 (n=39) are 301 

the most suited for oncology care. 302 

Accessibility score computation 303 

We computed the spatial accessibility score to these care centers for every municipality in 304 

metropolitan France, using the e2SFCA algorithm and oncology activity as supply variable. 305 

We compared the accessibility distributions with e2SFCA vs. regular 2SFCA. The accessibil-306 

ity was lower with e2SFCA because of the weight decay. We also studied the influence of the 307 

supply variable in the accessibility score. Accessibility is much higher if we use the number 308 

of Medical, Surgery and Obstetric (MCO) stays as supply, instead of the oncology activity. 309 

This makes sense since oncology care centers are less common and the overall MCO activity 310 

is higher than the oncology activity. The oncology accessibility is unevenly distributed across 311 
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the country, as displayed on Figure 2. For better readability, we cut the accessibility scores 312 

into 5 quantiles. Q5 colored in dark green contains the top 20% accessibility municipalities, 313 

and Q1 in light yellow contains the bottom 20% ones. The lowest accessibility zones are 314 

mostly located in the center of the country and in mountainous regions like the Alps or the 315 

Pyrenees. Plot (B) shows that most of the population (51.6%) lives in top 20% accessibility 316 

municipalities, while 6.3 % lives in the bottom 20% quantile. On map (A), care centers are 317 

displayed as squares, colored by cluster index, and sized by oncology activity. We see that 318 

accessibility is highest near the most specialized care centers. Indeed, the proportion of care 319 

centers from specialized clusters decreases in lower accessibility quantiles (C). We then 320 

ranked the departments by median accessibility and showed the top-10 and bottom-10 on plot 321 

(D). Among the top-5 departments, 4 are in Ile-de-France. Departments from the bottom-10 322 

are rural or mountainous areas like Lozère and Alpes-de-Haute-Provence.  We notice dispari-323 

ties within departments as well, as outlined by the large interquartile range in Hérault or 324 

Alpes-Maritimes. On the contrary, this spread is very narrow in Ile-de-France departments.  325 

Figure 2: Distribution of the accessibility score computed with enhanced two step float-326 

ing catchment area (e2SFCA), in metropolitan France. Plot (A) shows municipalities col-327 

ored by accessibility quantile. The care centers are drawn as squares, colored by cluster, and 328 

sized by oncology activity. Plot (B) shows the total population by accessibility quantile. Plot 329 

(C) displays the percentage of care centers by cluster by accessibility quantile. Plot (D) shows 330 

the top 10 and bottom 10 list of the departments, ranked by median accessibility. 331 

Accessibility score should be put into perspective with population density. Overall, the 332 

denser municipalities have a median accessibility around 0.02. Municipalities with low popu-333 

lation densities have more extreme values.  Figure 3 compares accessibility and population 334 

density for three different regions: Provence-Alpes-Cote-d’Azur (A), Ile-de-France (B), and 335 

Bourgogne-Franche-Comté (C). Municipalities are displayed as squares, colored by accessi-336 
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bility quantile, and sized by population density. These regions show very different profiles. In 337 

Provence-Alpes-Cote-d’Azur (A), accessibility is essentially low in non-dense municipalities 338 

near the Alps. However, in Bourgogne-Franche-Comté (C), we see dense municipalities with 339 

poor accessibility scores, representing a large proportion of the region. We also drew similar 340 

maps (D, E and F) where municipalities are colored based on the average travel duration for 341 

patients with cancer in 2018. We see that the average travel time is higher in municipalities 342 

with poor accessibility scores. The surface percentage with low accessibility varies from a 343 

region to another. For instance, in Bourgogne-Franche-Comté, 34.5% of the region has a Q1 344 

accessibility, that is 15.6% of the region’s population. Sometimes, the Q1 surface can be 345 

large but might contain very few inhabitants. This happens in Ile-de-France, where 15% of 346 

the surface is Q1 accessibility, representing less than 1% of the region’s population. Finally, 347 

we compared our accessibility score with the department exit ratio, by municipality. Depart-348 

ment exit ratio is defined as the proportion of cancer patients who visited a care center out-349 

side from their department of residence and was computed using the PMSI database. In Pro-350 

vence-Alpes-Cote-d’Azur, the exit ratio is higher in departments with low accessibility scores 351 

and few oncology specialized care centers, as in Alpes-de-Haute-Provence and Hautes-Alpes. 352 

While the Var department has some oncology centers, exit ratio remains high since larger 353 

care centers are in Marseille and Nice. 354 

Figure 3: Comparison of population density with accessibility scores and patient 355 

average travel time for cancer pathways. Showing results in three regions: Provence-356 

Alpes-Cote-d’Azur (A, D), Ile-de-France (B, E) and Bourgogne-Franche-Comté (C, F). 357 

Municipalities are drawn as squares, sized by population density and colored by either 358 

accessibility quantile (A, B, C) or patient average travel time (D, E, F).  359 

We now focus on the region Provence-Alpes-Cote-d’Azur. This region is the far south-360 

eastern on the mainland. The region’s population was 5,048 million in 2018. Its prefecture 361 
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and largest city is Marseille. The region contains six departments. Bouches-du-Rhone, Var 362 

and Alpes-Maritimes are located on the coastline and gather the largest cities like Marseille, 363 

Nice, or Toulon. Alpes-de-Haute-Provence, Vaucluse, and Hautes-Alpes are inland depart-364 

ments, with a majority of rural and mountainous areas. Results are shown on Figure 4. By 365 

comparing maps (A) and (B), we confirm that the accessibility is maximum in denser areas of 366 

the region. Average patients travel time are displayed on map (C) and we drew the major 367 

roads (primary, motorway, and truck) in red. The road system is well developed on the coast, 368 

rallying the larger cities of the region. However, driving from the rural areas in the Alps to the 369 

major cities is hard, resulting in higher travel times. The accessibility is unevenly spread 370 

within the departments, especially in Alpes-Maritimes where the distribution is multi-modal 371 

(D). There, cities like Nice and Cannes have large hospitals thus good accessibility, while the 372 

northern areas of the department are mostly mountains. Accessibility is higher in municipali-373 

ties with dense populations, for all the departments (E). Finally, the average travel time de-374 

creases when the accessibility score increases. This makes sense since the accessibility score 375 

was computed based on the driving distance between population locations and care centers. 376 

However, it confirms that patients living in poor accessibility zones effectively travel further 377 

to seek oncology care. In Bouches-du-Rhone, nearly all the municipalities have an average 378 

travel time lower than 30 minutes, while in Alpes-de-Haute-Provence, average travel times 379 

are rarely lower than 60 minutes (F).  380 
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Figure 4: Accessibility distribution in Provence-Alpes-Cote-d'Azur region. Map (A) 381 

shows the region accessibility distribution per municipality. Map (B) displays the population 382 

density discretized in 5 bins. The map on plot (C) displays the average travel time for cancer 383 

pathways. Large roads (primary, motorway, and trucks) are drawn in red. Plot (D) shows the 384 

accessibility distribution per department of the region. Plot (E) shows the accessibility distri-385 

bution by municipality population density and department. Plot (F) compares the accessibility 386 

score from municipalities with the average travel time for cancer pathways. 387 

Accessibility optimization 388 

Since we focused on describing the accessibility situation in Provence-Alpes-Cote-d’Azur, 389 

we now present the outcomes of our optimization algorithm in this same region. The algo-390 

rithm was run with the user-specified parameters stated in the Methods Section: we chose to 391 

increase the overall oncology activity in the region by 3% (+3,221 activity) and capped care 392 

centers to a 20% maximum growth. The median accessibility in the region went from 0.0093 393 

to 0.0103, a 11.1% increase. The results are shown on Figure 5. Map (A) displays the acces-394 

sibility delta (����	
�
� ��������

� as well as the care centers eligible to grow. Centers from clus-395 

ter 8 were hidden since we considered that they couldn’t provide any oncology activity. The 396 

algorithm identified a list of 26 care centers where the oncology activity could grow to max-397 

imize the total accessibility in the region. These centers are either public or private hospitals, 398 

primarily located in the Avignon and Gap areas. The care centers located in high accessibility 399 

areas near Marseille and Nice were ignored by the algorithm because improving these zones 400 

is not a priority. The care center that grew the most is Clinique Sainte Catherine, in Avignon. 401 

Interestingly, this care center was recently bought by the Unicancer group, which coordinates 402 

all the cancer centers in France. This hospital’s type will change to become a new CLCC. 403 

Thus, it is expected to grow in the next years and to be equipped with more oncology services 404 

and staff. 405 
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Figure 5: Accessibility delta in Provence-Alpes-Cote-d’Azur (PACA) region after 406 

running the optimization algorithm. Map (A) displays the accessibility delta (�����	

�407 

 ���	��
	
) by municipality. Plot (B) shows the capacity delta (	����	
 � 	��	��
	) distribution. 408 

Capacity was defined as the oncology activity: the number of patients with chemotherapy or 409 

radiotherapy and the number of medical or surgery stays related to oncology. We show the 410 

list of the care centers that grew the most (C)  and by how much. For instance, the hospital 411 

Institut Sainte Catherine in Avignon, was assigned a +1,030 capacity, for a total of n=6,179. 412 

Additional activity was 3,221. 26 centers grew and 1 decreased. Median accessibility before 413 

optimization was 0.0093 and 0.0103 after, corresponding to a 11.1% increase.  Accessibility 414 

increased around cities like Avignon and Gap. Care centers near Nice were left unchanged by 415 

the algorithm.  416 

While we described the results in Provence-Alpes-Cote-d’Azur region, we ran the algo-417 

rithm with similar parameters on every region in metropolitan France. The results are availa-418 

ble in the Supplementary Materials and on the web application. We observe two types of 419 

optimization strategies. For most regions, the algorithm manages to find a couple of areas 420 

where the accessibility can be locally improved, like it did in Provence-Alpes-Cote-d’Azur 421 

near Gap and Avignon. However, for regions like Ile-de-France and Haut-de-France, the 422 

hospital capacity increase is more uniformly distributed across the region. Most of the time, 423 

the algorithm left untouched the large care centers located in dense cities with good accessi-424 

bilities. This can be explained by the relatively low value of the additional activity parameter: 425 

with a very large value of additional activity, every care center will grow. If we keep it low, 426 

the algorithm identifies in which areas hospital capacity should be increased in priority.  427 
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Discussion 428 

We observe disparities in both care centers and their accessibility. The clustering algo-429 

rithm successfully groups similar hospitals and lets us identify the care centers best suited for 430 

oncology care. Some variables in the SAE survey are declarative and potentially differ from 431 

the reality. We are aware of this bias, but we do not expect major differences that could dis-432 

tort our clustering results.  433 

Receiving treatment in a care center with surgery, chemotherapy and radiotherapy activi-434 

ties is easier for the patient and leads to better care pathways. Care centers from cluster 1 will 435 

be the better choice for cancer treatment and correspond to modern oncology care specifica-436 

tions. However, these centers are a minority and sparsely located, essentially in dense areas 437 

and in large cities. While the inhabitants of large cities and metropolitan areas will have no 438 

problem reaching them, rural areas residents live far away from these centers. This popula-439 

tion often has better access to care centers from intermediate clusters. Such centers do not 440 

have all the key services and the patients are more likely to visit multiple hospitals during 441 

their care pathways.  442 

Longer drives to reach a more specialized care center could be considered more acceptable 443 

for surgery, where the hospital volumetry and surgeon expertise matter. However, for more 444 

frequent interventions like chemotherapy and radiotherapy especially, patients should priori-445 

tize short travels. There is a tradeoff to be found by patients, between care center proximity 446 

and care center expertise. This dilemma will be more frequent for patients living in rural are-447 

as than patients living in dense cities with large care centers nearby.  448 

Specific attention should be given to municipalities with very poor access to oncology 449 

care centers. While we saw that most of the population lives in high accessibility areas, 450 

around 6% of the population lives in the bottom 20% accessibility quantile. Among these 451 

municipalities, some are very rural and mountainous like those in the Alpes-de-Haute-452 
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Provence in Provence-Alpes-Cote-d’Azur region. Such areas cannot be expected to have a 453 

very good healthcare coverage. By contrast, the case of suburban areas with relatively dense 454 

population and poor accessibility should be addressed more easily. Our optimization algo-455 

rithm can help driving public health policies, as it effectively identifies areas where accessi-456 

bility could grow, by allocating additional oncology activity to a restricted number of care 457 

centers. The proposed growth factors are indicative and do not have to be effective within a 458 

year, as it represents a considerable effort for care centers to increase their activity. 459 

Our oncology accessibility score is deliberately non-specific to cancer type. This score is 460 

meant to outline how easy it would be for a population location to reach a first entry point for 461 

oncology care. Here, we are only focusing on surgery, chemotherapy, and radiotherapy 462 

treatments. The same technique could be used on a specific cancer type, the method will re-463 

main the same, only the supply variable used in the accessibility score will change. We 464 

should mention that spatial accessibility is better suited for pathologies that are relatively well 465 

handled across the whole country. Accessibility for rare diseases like pediatric cancer or 466 

complex cancers that require a specific expertise is less informative because only a handful of 467 

care centers are indicated.  468 

Similarly, we could compute an accessibility score that is focused on specific kinds of 469 

stays: our web application lets the user pick between surgery, chemotherapy, or radiotherapy 470 

as supply variable.  471 

The quality of oncology care is linked with the care centers’ volumetry. A care center with 472 

a very low activity is less likely to provide decent care. As a result, the French National Insti-473 

tute of Cancer (INCa) defined several thresholds (36) that forbid care centers with very low 474 

activity to keep operating. Similarly, the care quality in a saturated care center won’t be good 475 

either, since patients are more likely to wait longer before diagnosis or between interventions. 476 

While it is easy to spot care centers with low activity, it is harder to judge if a care center is 477 
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over-crowded, and we should be careful when attributing new activity to the hospitals. We 478 

based the 20% max growth out of the previous centers’ activity increase. This percentage 479 

could be tailored to the center cluster or current activity. Volumetry is not the only factor 480 

determining care quality. More sophisticated indicators like average delay between diagnosis 481 

and first treatment can tell whether a care center is in line with the care pathways recommen-482 

dations. Care centers with activities lower than the thresholds, or with a large proportion of 483 

degraded pathways should be handled with care by our algorithm.  484 

Accessibility optimization depends on many factors and healthcare professionals will not 485 

have the same uses for our algorithm. Some may consider that for a care center to grow an-486 

other should decline, where others would rather not decrease any centers’ activities. Moreo-487 

ver, the healthcare planning is very different from a region to another, and even within the 488 

regions departments are showing disparities. Hence, we cannot expect the algorithm to be 489 

used with the same parameters on every region. For all these reasons, we believe that provid-490 

ing a web application to run the algorithm and choose the parameters is the most useful way 491 

to the help healthcare professionals improve the current situation.  492 

Our work is in line with the French Cancer Plan (37) that emphasizes the importance of 493 

increasing accessibility to oncology care as well as minimizing disparities across the country. 494 

The government mandated INCa to work on the accessibility development. This study and 495 

the web application we developed could help when attributing the care centers authorizations. 496 

Working closely with researchers from INCa and public health professionals could have a 497 

major impact on the oncology care spatial organization in metropolitan France, benefiting 498 

millions of patients.  499 

We ran this method in metropolitan France, but it could work on any country if data on 500 

hospitals and municipalities are available.  501 
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Abstract. For a very broad range of problems, recommendation algorithms have been
increasingly used over the past decade. In most of these algorithms, the predictions are
built upon user-item affinity scores which are obtained from high-dimensional embeddings
of items and users. In more complex scenarios, with geometrical or capacity constraints,
prediction based on embeddings may not be sufficient and some additional features should
be considered in the design of the algorithm.

In this work, we study the recommendation problem in the setting where affinities
between users and items are based both on their embeddings in a latent space and on

their geographical distance in their underlying euclidean space (e.g., R
2), together with

item capacity constraints. This framework is motivated by some real-world applications,

for instance in healthcare: the task is to recommend hospitals to patients based on their
location, pathology, and hospital capacities. In these applications, there is somewhat of an
asymmetry between users and items: items are viewed as static points, their embeddings,
capacities and locations constraining the allocation. Upon the observation of an optimal
allocation, user embeddings, items capacities, and their positions in their underlying eu-
clidean space, our aim is to recover item embeddings in the latent space; doing so, we are
then able to use this estimate e.g. in order to predict future allocations.

We propose an algorithm (SiMCa) based on matrix factorization enhanced with opti-
mal transport steps to model user-item affinities and learn item embeddings from observed
data. We then illustrate and discuss the results of such an approach for hospital recom-
mendation on synthetic data.

1. Introduction

In a very broad range of applications – many of them being led by e-commerce leaders
(Amazon [9], Netflix [7]) – recommendation algorithms have been increasingly used over the
past decade. These algorithms are capable of showing users a personalized selection of items
they may like, based on their interests and user behavior.

Up to now, the predictions are built upon user-item affinity scores (e.g., user/movie rat-
ings) which are obtained from high-dimensional embeddings of items and users. While these
approaches work for most e-commerce applications, there are other natural settings in which
more attributes should be considered in the recommendation process. For instance, item ca-
pacity constraints are of paramount importance in location or route recommendation, where
recommending the same item to every user could lead to congestion and significantly deteri-
orate user experience [1]. Moreover, in the case of location recommendation, travel distance
is also a key factor: the user’s choice is often the result of a trade-off between affinity and
proximity [14]. In the healthcare sector, patients are usually addressed to an hospital by their
general practitioner – or by word of mouth. Since the choice of hospital and practitioner may
be critical, an important issue is to make sure that patients are routed to the best place
possible – namely to a nearby and adapted structure, without capacity saturation.

In this work, we study the recommendation problem in the setting where affinities between
users and items are based both on their embeddings embeddings in a latent space and on
their geographical distance in their underlying euclidean space (e.g., R2), together with item
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2 SIMCA: SINKHORN MATRIX FACTORIZATION WITH CAPACITY CONSTRAINTS

capacity constraints. Upon the observation of an optimal allocation, user embeddings, items
capacities, and their positions in the euclidean space, our aim is to recover item embeddings
in the latent space; doing so, we are then able to use this estimate e.g. in order to predict
future allocations. Our contributions are as follows:

(i) we propose an algorithm based on matrix factorization enhanced with optimal trans-
port steps to model user-item affinities and learn item embeddings from observed
data;

(ii) we then illustrate and discuss the results of such an approach for hospital recommen-
dation on synthetic data.

Paper organization. After reviewing related work, we formally define the problem in math-
ematical terms, we describe our algorithm for Sinkhorn Matrix Factorization with Capacity
Constraints (SiMCa) and give theoretical guarantees on its convergence. We then illustrate
our method for the hospital recommendation problem on synthetic data, discussing the results
as well as the choice of parameters.

2. Related work

Hospital and practitioner recommendation has already been studied in the literature (see
e.g. the survey [12]). However, to the best of our knowledge, no existing method incorporates
hospital capacity constraints in the algorithm training. This tends to refer many users to the
same hospital, potentially saturating it and degrading the overall care quality.

Matrix factorization [7] is among the most popular collaborative filtering recommendation
algorithms. Matrix factorization characterizes every user i and item j by high-dimensional
embeddings ui, vj , and predict the user-item affinity by the inner product 〈ui, vj〉. This
method has already been applied for patient/doctor recommendation [6, 13]. However, regu-
lar matrix factorization is usually applied to simple recommendation problems, such as movie
recommendation: as already explained before, recommending locations brings new challenges
and requires a different approach [14].

Geographical influence has been integrated in the matrix factorization framework to rec-
ommend locations or points of interest (POIs) [8]: moreover, the learning algorithm can be
adapted by adding a capacity term in the loss function [1].

The Monge-Kantorovitch formulation of the classical Optimal Transport (OT) problem
can be rephrased as a linear program that can be computationally slow and unstable in high
dimension [2]: this problem is often approximated by adding an entropy regularization term,
and easily solved by Sinkhorn-Knopp’s algorithm [2]. Another important advantage of this
regularization is that the solution of the OT problem becomes differentiable with respect
to the parameters, which explains why this step is integrated in many learning algorithms
[3, 5, 11].

Most relevant for the present paper is the work from Dupuy, Galichon and Sun [4]. In
this study, the authors address the inverse optimal transport problem, that is, given vectors
of characteristics X ∈ R

d and Y ∈ R
d′

and the joint distribution of the optimal matching,
the problem of recovering the affinity function of the form φ(X,Y) = X

T
AY, namely to

estimate matrix A. The authors are in the setting where they observe pairs of embeddings
(Xt,Yt) together with the optimal regularized matching π∗ – that is the solution to problem
(2) hereafter – and build an estimator of A with low-rank constraints, the objective being
to isolate important characteristics that carry the most important weight in the matching
procedure between x and y. We stress the fact that the setting is different in our study: we
only observe in our case the embeddings U of the users and a distance matrix D, function
φ is known as well as the pure matching σ∗ – that is the solution of the linear assignment
problem (1) hereafter, which differs from π∗ – and the aim is to infer item embeddings V. In
other words, we do not seek to reconstruct the affinity matrix, but for the learning of items’
positions in the user’s embeddings space, these positions acting as reference points, upon
which prediction of future allocations can be made. Another difference is that the number of
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items is typically very small compared to the number of users, which justifies that the items
are considered static: we also incorporate capacity constraints on the allocation problem.

3. Problem definition

A model for latent and geographical affinity. The setting of the problem is as follows.
Consider n users x1, . . . , xn embedded in a latent space X identified to R

d, with embeddings
given by U1, . . . ,Un. Also consider m items y1, . . . , ym embedded in X with embeddings
V1, . . . ,Vm, with m ≤ n. To each user xi we assign a single item yj , according to an affinity

matrix M ∈ R
n×m given by

Mi,j := Φ(Ui,Vj ,Di,j),

where D ∈ R
n×m is known and may be thought of e.g. as a geographical distance matrix

between users and items in the underlying euclidean space, say R
2 (we stress the fact that

this space is not the embedding space X ). We will denote M = Φ(U,V,D) in the sequel.
We also work under the following constraints: each item yj , j ∈ [m] can be assigned to at

most Cj users. Where C = (C1, . . . ,Cm) is capacity vector. The total capacity is defined by

s(C) :=
∑

j∈[m]

Cj ,

and we will assume s(C) = n. We define

Σ(n,m,C) :=
{
σ ∈ {0, 1}

n×m
, σ1m = 1n, σ

T
1n = C

}
.

In the sequel, σ will denote both the assignment and its corresponding matrix representation.
The optimal assignment σ∗ is given by

σ∗(U,V,D,C) := argmax
σ∈Σ(n,m,C)

Tr
(
σT

M
)
, (1)

Note that problem (1) is an instance of the Linear Assignment problem (LAP).

Goal. Assume that we are given the user embeddings U, the distance matrix D, the capaci-
ties C and the optimal assignment σ∗ ∈ Σ(n,m,C). The goal is to learn the item embeddings
V.

Loss metrics, regularization and relaxation. We will evaluate the performance of a

proposed estimate V̂ of V through the assignment π̂ obtained with V̂. To compare π̂ with
σ∗, we use the usual cross entropy loss defined by

H(σ∗, π̂) := −
∑

i∈[n]

log π̂i,σ∗(i) = −Tr
(
(σ∗)T (log π̂)

)
.

As stated before, from a learning perspective, a main issue is that the solution to prob-
lem (1) is not differentiable w.r.t. V, the variable of interest. This issue is solved by a
relaxation/regularization procedure [2]:

• since the objective function is linear, we first consider the classical relaxation of (1)
on the polytope of the convex hull of Σ(n,m,C), namely on

Π(n,m,C) :=
{
π ∈ [0, 1]n×m, π1m = 1n, π

T
1n = C

}
.

• moreover, we regularize the objective function in order to perform (automatic) dif-
ferentiation: this is made possible by the classical entropy regularization in optimal
transport.

For a small regularization parameter ε > 0, the problem then becomes

π∗
ε (U,V,D,C) := argmax

π∈Π(n,m,C)

[
Tr

(
πT

M
)
+ εH(π)

]
, (2)

where

H(π) := −
∑

1≤i,j≤n

πi,j(log πi,j − 1). (3)
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It is known in the literature [2] that the solution π∗
ε to the convex optimization problem

(2) can be easily computed with Sinkhorn-Knopp’s algorithm, and has the following form:

(π∗
ε )i,j = ai exp

(

1

ε
Mi,j

)

bj , (4)

where a and b are vectors of Rn
+ and R

m
+ . Note that we are back to our initial problem (1)

when ε = 0.

SiMCa Algorithm. With this new formulation (2), we are now able to design an optimiza-
tion scheme for our learning problem. In our setting the users embeddings U, the distance
matrix D and the capacities C are known, only the items embeddings V are learned. The
overall procedure is summarized in Algorithm 1. Given the current estimate Vt at iteration
t, we compute the solution π∗

ε (Vt) to problem (2), which in turn is used to compute the
gradient in Vt of the following loss

loss(Vt) := H (σ∗, π∗
ε (Vt)) (5)

to update our estimate of V through a gradient step. The gradient in V has actually a simple
analytical expression:

Lemma 1. We have

∇Vloss(V) =
1

ε

∑

1≤i,j≤n

(π∗
ε (V)− σ∗)i,j∇VMi,j . (6)

Proof. A very similar expression for the gradient is derived for the maximum likelihood in
[4]. We straightforwardly adapt their derivation to the cross entropy loss (5). Let us denote

Vε(M) = max
π∈Π(n,m,C)

[

Tr
(

πT
M

)

+ εH(π)
]

(7)

the optimal value of the regularized OT problem (2). As well-known in the OT literature,
see Proposition 9.2 of [10], its gradient with respect to the affinity matrix M is given by the
optimal coupling

∂

∂Mi,j

Vε(M) = (π∗
ε )i,j . (8)

Our cross-entropy loss (5) is directly related to the optimal value Vε(M):

loss = H (σ∗, π∗
ε ) = −

∑

i,j

σ∗
i,j ln(π

∗
ε )i,j

1
= −

∑

i,j

σ∗
i,j(

1
ε
Mi,j + ln ai + ln bj)

2
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j −

∑

i,j

(π∗
ε )i,j(ln ai + ln bj)

3
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j −

∑

i,j

(π∗
ε )i,j(ln(π

∗
ε )i,j −

1
ε
Mi,j)

4
= −

∑

i,j

σ∗
i,j

1
ε
Mi,j − s(C)

−

∑

i,j

(π∗
ε )i,j(ln(π

∗
ε )i,j − 1) +

∑

i,j

(π∗
ε )i,j

1
ε
Mi,j

5
= −s(C) + 1

ε
[Tr(π∗T

ε M) + εH(π∗
ε )− Tr(σ∗T

M)]

6
= −s(C) + 1

ε
[Vε(M)− Tr(σ∗T

M)].

The first and third equalities follow from (4), the second and fourth from σ∗, π∗
ε ∈

Π(n,m,C), the fifth from the definition (3) of H(π) and the sixth from the definition (7) of
Vε(M). Then differentiating with respect to V leads to (6) by the chain rule and (8). �

The performance of our method is guaranteed by the following:
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Algorithm 1 Sinkhorn Matrix Factorization with Capacity Constraints (SiMCa)

Input: U,D,C, σ∗

For t = 1 to T :

1. Compute the affinity matrix Mt−1 = Φ(U,Vt−1,D).
2. Compute the solution to the optimization problem (2):

π∗

ε (Vt−1) := argmax
π∈Π(n,m,C)

[

Tr
(

πT
Mt−1

)

+ εH(π)
]

.

3. Compute the gradient ∇loss(Vt−1) with equation (6).
4. Perform a gradient step Vt = Vt−1 − η∇loss(Vt−1).

return VT

Lemma 2. Assume that v 7→ Φ(u, v, d) is linear. Then the loss function (5) is convex in V

and the output of SiMCa Algorithm (Algo. 1) converges to

argmin
V

H (σ∗, π∗

ε (V)) .

Proof. The proof of Lemma 1 shows that

loss(V ) = −s(C) + 1
ε
[Vε(M)− Tr(σ∗T

M)].

Since V 7→ Φ(U, V,D) is linear, V 7→ Vε(M), as defined in (7) is convex as a maximum of
convex functions. By assumption, V 7→ Tr(σ∗T

M) is linear, thus V 7→ loss(V ) is convex. �

4. Illustration for the hospital recommendation problem

We now describe an illustration of our method for the hospital recommendation problem.
Since very few open datasets are available for this problem, we trained our algorithm on
synthetic data.

Dataset generation. The dataset is generated as follows:

• Features in the embedding (latent) space: we sample n + m points from a
Gaussian mixture model with k clusters. We set these points as either users (Ui) or
items (Vi), and considered that each cluster must contain at least one item: we are
thus left with n users and m items, spread between k clusters. Users and items in
the same cluster are considered similar. We then normalized both users and items
features, so that all embeddings Ui and Vj lie on the unit sphere. Note that the
users and items sampling is done independently of items capacities.

• Distance in the underlying euclidean space: to sample the distance matrix
D between users and items, we sample all the positions randomly on a circle, and
computed the great-circle distance (i.e. spherical distance) between every users i and
items j. We finally normalize the distance matrix by its overall mean.

• Capacities we sampled m values from a Dirichlet Distribution, corresponding to the
probabilities that users are assigned to the m items. We converted these probabilities
into capacities Cj by multiplying them with the number of users n. We then added
some extra spots to each item.

Affinity matrix. In our case, the affinity matrix M = Φ(U,V,D) is defined as follows:

Mi,j = Φ(Ui,Vj ,Di,j) = (1− α)UT
i Vj − αDi,j . (9)

The α coefficient measures the trade-off between affinity and proximity.
We then solve the Linear Assignment Problem (1) to compute the pure matching σ∗.
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